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Abstract

Social media is becoming a growing avenue for customer service. As government moves
to deliver more services in the cloud, it is therefore important that customer service
provisions match this drive. It is therefore an onus on organisations to develop channels
to engage their customers wherever they are. At present this is being done through the
use of chatbots, social media and internet interactive channels. However, this requires
new ways of getting insight of the issues being experience by the customers. At present,
such solutions are only developed by consulting firms that would involve more

expenditure and a difficult case for the value-for-money argument.

The main aim of this project is to leverage artificial intelligence and machine learning to
develop a text analytics service that can deliver sentiment analysis and predictive topic
modelling from the social media customer interactions through a cloud service. The
results from the service would then be used to inform the decision-making process by
providing output that will be informative. The prototype solution will be in line with the
current strategic plan of delivery online services with new technologies and helping to

achieve the goal of being in the upper quartile in customer service and experience.

The project will collect Twitter data addressed to the organisation and use the data to
develop a machine learning model. The model will then be deployed as a cloud
webservice and consumed through a website that can then be used by the customer service

teams to analyse social media posts from the Twitter and Facebook accounts.

A review of the twitter data found that it is possible to develop a predictive topic model
that narrows down the topics to 8 generalised topics. The sentiment of the customer
interactions is negative which is expected as customer service is an avenue of handling

issues when they go wrong.

il



In conclusion, it is feasible to develop a cloud service that provides sentiment analysis
and predictive topic identification in the current cloud environment. It will also contribute
positively in assisting to achieve the goal of achieving upper quartile in customer service
by providing real-time results of the sentiment analysis by topic. The delivery of such a
service will also be a sustainable solution by leveraging the environmental benefits of

cloud computing.
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1 Introduction

In this project, we will consider how an organisation can make effective use of the
available unstructured data such as social media customer interactions to better
understand its customers by using artificial intelligence and machine learning. The
solution will involve a prototype development of a machine learning model deployed for

sentiment analysis and topic modelling delivered using cloud services technology.

This chapter will provide an introduction to the issues faced by organisations when it
comes to unstructured data (1.1), provide a background to the problem domain as
experienced (1.2), define the specific focus issue (1.3), and provide a structure to the

report (1.4).

1.1 Introduction

Data is at the heart of every organisation. Without data, then the business of an
organisation is pointless and rudderless. Every organisation from the smallest business of
one to the largest multinational businesses of the world are dependent on data and better
still on the quality of it. But having the data is only the start of the journey to be a
successful business. It is the part of knowing what to do with the data through analysis
that provides the greatest advantage and provides the differentiating factor in the success

of similar businesses.

For years, organisations have been collecting data and running analysis against it. This
has been made possible by making use of data that is clearly defined in the description
and saved in systems for later use and interrogation. This data is known as structured data.
But structured data that can easily be defined and saved in systems only cover part of the

available data that any organisation collects as it generates both as a consumer and a



generator. Since the exponential growth in the use of the Internet, the amount of data
generated has mirrored that growth. Since the early 2000s, it has been known in the
industry and reported through industry journals [1], research [2] and umpteen reports [3]
that unstructured data was becoming a problem for organisations. It became evident that
organisations were only dealing with a small part of the data relevant to them and were
being overwhelmed by how to handle the majority of the data they were in contact with.
Surveys have found guesstimates of around 80% [3]in usual business data and 95% of

big data' [4] to be of the unstructured form. But what exactly is unstructured data?

Unstructured data is any data that fails to fulfil a standardised specification. Unstructured
data can take the form of emails, support tickets, chats, social media post, call centre logs,
call centre notes, videos and audio communication bulletins and old fashioned business
letters [5]. The nature of this data makes it difficult to interrogate as it is inherently
unstructured, with no obvious headings, descriptions and in some cases without an
obvious saved form. The current favoured form that gets saved in a database is the
structured data. This allows an organisation to interrogate this data through the well-
established methods of queries. This method of querying cannot be translated easily to
the unstructured data. Blumberg and Atre [1], found that a lot of unstructured data happen
to exist in customer relationship management(CRM) systems and particularly in call
centre staff interactions with customer records. It is a similar experience in medical
records [6] where unstructured data is prevalently produced and contains critical

information.

We will highlight the current methods being employed to infer meaning from
unstructured data. The project will show how much meaning can be inferred from
unstructured data by making use of natural language processing tools through machine

learning models. The implementation will look at two forms of unstructured data i.e.

! Big data is high-volume, high-velocity and/or high-variety information assets that demand cost-
effective, innovative forms of information processing that enable enhanced insight, decision making, and
process automation. [136]



support chat logs and social media posts. The experience gained when developing using
support chat logs will then be used to iterate to a prototype system that will make use of
social media posts. The use of social media text will provide a varied picture of what
consumers are experiencing while meeting the need for catering for a system to cope with
the growth of social media as a means of communication [7]. The methods employed will
include information extraction through the use of feature extraction, sentiment analysis

and topic modelling.

1.2  Background

As highlighted, organisations are still yet to come to terms with the age of big data. In
this new age, customers are interacting with an organisation in ways that are most
convenient to them. Research shows that more customers are choosing to interact with
the business through the use of social media [8] rather than the traditional methods for
example via letter through the post. This is proving to be a challenge as although
organisations have provided a presence in the online world through accounts in popular
social media sites or even host online contact avenues, the old methods of working and
interactions for example that involving capturing customer details into customer
relationship systems and tools is still heavily relied upon and maintained. However, this
allows for opportunities for the true “voice of the customer” and context to be missed. In
this new age, it has meant that the organisation needs to be aware of the “voice of the
customer” as this “voice” can be easily be shared with rest of the world involving other

customers, competitors and rivals with unmitigated context.

It is therefore in the interest of the organisation to develop new systems that can harness
this new way of customer interaction. It is such systems that text analytics has become
popular with organisations. According to the Forrester [9], demand for text analytics has
increased in line with the increase of unstructured data held by organisations. The current
development in the field of text analytics is to deploy enterprise solutions that can be used

in real-time or can be batch streamed to run the analysis. The solutions available are



however expensive and includes a hidden technical debt [10] that overshadows the

deployment of such systems.

1.3

Aims and Objectives:

1.3.1 Aims

To investigate how, why and where the integration of machine learning and artificial

intelligence in customer management gives business value by being able to find and

demonstrate the sentiment from social media interactions.

To investigate how, why and where the integration of machine learning and artificial

intelligence in customer management systems gives business value by providing derived

topics from customer social media interactions.

1.3.2 Objectives

The objectives of this project are to:

1.

produce a machine learning model capable of undertaking text analytics of
sentiment analysis and predictive topic identification on the submitted social
media text

ensure the model can be deployed in the cloud and provide RESTful APIs for
integration

make use of cloud technologies such as serverless in the deployed system
develop a frontend to provide an interface to the deployed text analytics web
service

provide a management information (MI) and or business information (BI)

dashboard to review the deployed current system status of the sentiment by topic.



1.4 Focus

We will consider the case of a public organisation, DVLA [11], that deals with citizens
by providing services of registering and licensing of drivers and vehicles and the
collection of vehicle excise duty on behalf of the UK Treasury. The agency according to
the strategic plan for 2017-2020 sets out an ambition of developing a hub for digital
motoring through the use of more agile and cloud services. The plan highlights the current
take-up of digital services at 92.3% which highlights the extent of the Agency’s
interaction with its customers digitally. A major goal of the plan is to provide best-in-
class customer services. The question then arises, how best can the Agency get to leverage

the unstructured data currently being created during its legal service?

Text analytics offers an answer to this question. The field of text analytics has
exponentially grown with more organisations adopting text analytics to identify and gain
insight from textual information. Gartner [12] reports that text analytics has been heavily
adopted by industries such as banking [13], healthcare and retail. M&M [14] estimates
that the text analytics market will grow from $3.2 billion in 2016 to $8.8 billion in 2022,
more than double the spend during the period. One of the major market reasons for this
growth has been the growth in the need for predictive analytics. According to one of the
learning analytics providers SAS, predictive analytics is the use of data, statistical
algorithms and machine learning techniques to identify the likelihood of future outcomes
based on historical data [15]. In predictive analytics, organisations use models to derive

information such as sentiment that informs on hidden trends and dependencies.

It is in this same area that this project will seek to show that it is possible to provide such
a service that will also be in line with market trends as a cloud-based text analytics service.
The use of data visualisation will also be part of the prototype and will show it as a
relevant part of the service as it best provides the insight in an easy-to-consume format

for management information.



The Agency in the recent past has developed new services that have included making use
of social media and new call centre services. As part of the current call centre system, a
voice analytics system is in place with planned future development on text analytics yet
to be deployed. However, that analytics does not cover elements outside the voice call

framework.

The context, therefore, is to develop a text analytics system that could be used to identify
the sentiment of the customer’s communications i.e. social media text and then

categorised it into topics.

The iterative development will involve developing two systems by starting using the chat
support logs and then make use of the experience through refactoring the ideas into the
prototype system using Twitter? data. The dataset used for the chat logs is one that is
publicly available as a data corpus from the Ubuntu Dialogue Corpus [16]. For the social
media posts, the project purposely created a dataset from Twitter tweets based on the
publicly available @DVLAGOVUK handle and #DVLA hashtag interactions from the
dates of 05-01-2009 to 21-09-2019.

1.5 Structure

The report will be laid out in different chapters starting with a background literature
review chapter looking at artificial intelligence, machine learning, text analytics, data and
natural language processing (in particular on sentiment analysis and define why it is
important to text analytics), cloud computing, data science and datasets. There will then
follow chapters on project planning, and research methodology which will describe the
planning and methods used in the report. A chapter on software requirements will explain
the requirements of the system. A chapter on design and development will describe the

software development process including the choices made on process and software

2 Twitter — is an internet microblogging and social networking service that allows registered users to send
messages known as “tweets” or publish a post on their profile.



choice. A chapter will then follow showing the tests done on the developed system and
this will then lead on to a chapter to evaluate the results, expectations and highlight the
issues encountered. In conclusion, we will provide a summary of the results, code,
weblink of the prototype developed and offer recommendations on the process, system
and experience gained and discuss further future work. An appendix will be included

which will include code, datasets and all associated documents used in the report.



2 Literature Review
2.1  Artificial Intelligence

“Al began with an ancient wish to forge the gods” [17]

Intelligence is inherent to the description of who and what mankind is. Without
intelligence, it is difficult to appreciate mankind as being different from other species.
What makes intelligence has therefore been an intriguing question. How are humans able
to record their thoughts? The uniqueness of mankind is that the ideas of philosophy,
mathematics, understanding of logic, psychology and linguistic get raised, studied,
debated and agreed. The emergence of machines has provided tools for evaluating these

ideas and therefore making artificial intelligence materialise.

Artificial intelligence, therefore, owes its growth and prevalence to the rise of machines
that are now referred to as computers. The term artificial intelligence was first used in
1956 by Professor John McCarthy during the Dartmouth conference [18]. During the
Dartmouth conference, the idea of artificial intelligence as we currently understand was
conceptualised. Professor McCarthy defined artificial intelligence (Al) as

“ ... the science and engineering of making intelligent machines, especially
intelligent computer programs. It is related to the similar task of using computers
to understand human intelligence, but artificial intelligence (Al) does not have to

)

confine itself to methods that are biologically observable.’

Another definition of artificial intelligence is that it is the field of study that looks at the
techniques for undertaking tasks central to human intelligence [19]. Human intelligence
is therefore fused with the biological description of who and what a human being is.
Artificial intelligence can then be argued to require the understanding of the thought
process, performance and outcome achieved by a non-human thing. The non-human thing

would simply be defined as a machine, computer or expert system that accepts some



inputs. For any intelligent expert system to be measured, the measurement would have to
be as a measure of the outcomes of performance. Therefore, the defining question that

needs to be answered has to be “how did the system get the task right given the inputs?”

Russel and Norvig [20] summarised the categories of artificial intelligence into four i.e.
thinking humanly, acting humanly, thinking rationally and acting rationally. The
categories of an Al system, therefore, require the use of a hypothesis and experiments to
prove it. The rational categories such as mathematics [21] [22] and engineering [23] [24]
proved to be the earlier categories of advancing the ideas of Al. It is during a difficult
period at the height of the Second World War that Turing [25] discussed conditions that
would make a machine intelligent. Turing’s interest was how such a machine would need
to act to meet the threshold to be considered as acting humanly. In the now-famous test
of the imitation game, later named after Turing, Turing proposed that for a machine to be
considered intelligent it needs to pass a test by answering questions posed to it by a
human. For such a machine to pass the test it needed skills that included natural language
processing, knowledge presentation, automated reasoning, and machine learning. The test
was further adapted and extended to include aspects of vision and movement. The latter

being known as the total Turing test.

Another aspect of ability is the ability to be creative. Boden [26] critiqued the available
developed Al systems in their ability to produce creativity. Creativity is measured by the
production of ideas that are considered new. The idea of “new” can be considered from
the viewpoint of within the system or from outside the system. This is what Boden argues
as P-creativity and H-creativity and where P stands for psychological and H for historical.
Al models have primarily been set up to concentrate on delivering P-creativity with H-
creativity a happy coincidence outcome of most systems. Creativity from these systems
results in the development of familiar, exploratory and transformational ideas. Boden [26]
identifies that for any of these ideas to be generated the systems are dependent on domain

expertise and analytical power. Domain expertise has been shown to advance



development [27] [28] in as much as analytical power development coupled with

technological improvements [29] has led to the development to better models.

Development in Al, mainly through research, has focussed and morphed into many fields
chiefly focussing on intelligence in learning, problem-solving, reasoning, natural
language, vision and perception. Some of these same areas were identified in the early
1960s as areas of problems and opportunity. Minsky [30] identified in his paper those
areas that prevented a computer to be considered as intelligent were primarily around
search, pattern-recognition, learning, planning and induction. The areas that form part of
artificial intelligence include machine learning, reasoning, planning and natural language

processing.

Machine learning is the study of data-driven methods capable of “learning something
useful” through tasks from basic to complex using systems that require some learning
[31]. The earliest artificial intelligence systems in the world involved simple computer
programs that required learning through a method of trial and error like the Turing
machine [25], Minsky machine [32], and the General Problem Solver machine [33] [34].

We will further discuss machine learning in Section 2.2.

Reasoning involves the use of logic and knowledge in the decision-making process and
uses deduction and induction in the process. These systems are used in an agent and in
multi-agent system models where the importance of knowledge and common knowledge

is paramount to ensure success [35] .

Planning is about decision-making processes that involve the determination of a solution
for a declared problem while ensuring that the performance of the system will be the
“best” option that provides the best outcome [20]. The determination of “best” might be
in terms of processing power, time, speed, accuracy and other determined significant

measures. Planning problems are particularly prevalent in manufacturing industries and
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areas that lend themselves to automation like risk management, cybersecurity and

transport planning. One of the earliest planning systems was the “Shakey the Robot” [36].

Natural language processing (NLP) is the field that considers machine comprehension
and manipulation of human language. Language is that uniquely human trait that is used
to provide instruction. Language in Al focuses on the use of words as input. Such systems
are said to be involved in natural language processing. The earliest systems in NLP were
used in the Cold War years in attempts to automatically translate language through
mechanical translations [37]. The systems were largely inaccurate and required processes
of pre- and post-processing to get any usable accuracy of the texts. Later systems such as
Eliza [38], and SHRDLU [39] were developed that improved the ability of the systems to
“accept” the language using the rules of the language. However, systems that provide a
complete human-like language capability have been difficult to develop [20]. Recently
major technology companies like Apple with Siri, Amazon with Alexa and Google with
Google Assistant are currently working to improve the use of a variety of voice assistants
that make use of NLP methods such as identifying an entity, named entity and entity

extraction but are still far from perfect [40].

2.2  Machine Learning

While Al is the science of trying to copy mankind’s capabilities, machine learning (ML)
is the science of training a system through the process of learning over time from available
data. The ultimate aim of the training is to improve the outcomes of the system. Samuel
[41] defined the term machine learning as the field of study that gives computers the
ability to learn without being explicitly programmed. Mitchell [42] proposed a more
scientific definition for machine learning as:

“... a computer program is said to learn from experience E with respect to some task

T and some performance measure P, if its performance on T, as measured by P,

improves with experience E.”
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Another definition, Murphy [43] offers it as:
“... a set of methods that can automatically detect patterns in data and then use
the uncovered patterns to predict future data, or to perform other kinds of decision

making under uncertainty such as planning how to collect more data!”

The iteration of tasks is necessary to finesse the responses from the models. The steps
require making use of previous response to inform on the next steps required. After
several iterations, the developing model can give a better-accepted response. Deciding on
the steps in training the model leads to the question of how those steps affect the training.
What type of learning achieves the best outcome? To carry out the learning, algorithms

have been developed to be effective depending on the desired outcome.

An algorithm is a program that takes an input and gives an output dependent on some
defined logic [20]. The algorithm is defined as a set of instructions to define how to work
the data, however, in machine learning the process of interaction is counter-intuitive in
that the data defines the final instructions (model). The machine learning categories based
on algorithms (i.e. dependent on the outcome) are mainly regression, classification or

clustering algorithms.

Regression algorithms include linear regression, Bayesian linear regression, neural
network regression, and decision tree regression [44]. Classification is either two-class
or multiclass. For two-class classification algorithms include two-class support vector
machine (SVM), two-class logistic regression, and Naive Bayes classifier. For predicting
three or more categories the algorithms include one-v-all multiclass, multi-class decision
forest, and multiclass neural network among others. Clustering algorithms are algorithms
that have been developed for grouping points that prove to very efficient in identifying
the underlying structure of a population. They include k-means [45] and the variant k-
means Bradley-Fayyad-Reina [46], Expectation-Maximization(EM) using Gaussian
Mixture Models (GMM) and Principal Component Analysis(PCA) [47] [48] among

others.

12



It is also important to define machine learning depending, on the human input and
interaction with the systems. Such criteria would provide categories such as supervised

learning, unsupervised learning, semi-supervised learning and reinforcement learning.

Another criterion would be whether the system received learning input from an online
feed [49] or updated through a batch learning system [50]. The use of patterns to develop
models resulting in a model-based learning system [51] or an instance-based system [52]

can also be used to identify the ML systems.

2.2.1 Supervised Learning

Supervised learning is the machine learning task where the data is split between training
and testing data where the training data is labelled to identify the data according to a
category or label giving it a pair of input identifier and the desired output identifier [20].
Labels will, therefore, be the desired outcome of the model output. The labels provide the
model with what to learn by example. The system is also said to be learning by induction

[53].

In the data, it is vital to identify the attributes and features. An attribute in machine
learning is the data type, while the feature is more than the data type and includes more
information of a measure of value [54] such as are the values dependent or not. If the

feature is used to predict a value, then that feature is called a predictor.

Classification is used where the data can produce discrete response e.g house prices or
pay levels. Regression is used where the dependent variable is not discrete e.g. male or
female, mango or orange. The common algorithms available for use in supervised
learning include linear regression, Naive Bayes [55], logistic regression, k-Nearest

Neighbours, and support vector machines (SVMs) among others.
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2.2.2 Unsupervised Learning

Unsupervised learning is the method of learning where the training data used contains no
labels and it is left to the model to identify features as it develops [54]. Algorithms used
in unsupervised learning include clustering algorithms like k-means and expectation-
maximization, visualisation and dimensional algorithms like principal component
analysis (PCA). Unsupervised algorithms work well where it can be able to find a
commonality in the data. The algorithms work by sub-dividing the data (hierarchical
clustering), simplifying the data (dimensionality reduction), and identifying anomalies by

learning associations.

k-means is one of the simplest clustering methods that is effective as an unsupervised
learning algorithm [54]. The number of clusters, k, is chosen in advance and then the task

of the model is to assign inputs to the cluster that has the least mean distance to the centre.

2.2.3 Semi-supervised Learning

This is the case where some of the training data involved contains partially labelled
training data. Algorithms used in semi-supervised learning involve a combination of
unsupervised and supervised algorithms [54]. An example of such a system makes use of
stacked neural networks known as deep belief networks (DBN) running in stacks of
machines known as restricted Boltzmann machines (RBMs). A neural network is a group
of algorithms that mimics the human brain that works together for a purpose. The network
in its simplest form is made up of a visible layer, a hidden layer, output layer and nodes.
A node is a point where the computations happen after some activation, and where the

operations mimic the workings of the neuron in the brain.
The advantages of using semi-supervised learning are that it allows for the use of

unlabelled and labelled data together in one label. Chapelle, Scholkopf and Zien [56]

explained the required assumptions and the rules for semi-supervised learning to work. It
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relies on some assumptions to be present for the learning to work and happens to be
dependent on the input. The semi-supervised smoothness assumption is where the output
of corresponding outputs (y;,)2) expects the inputs (x;x2) to be close. The cluster
assumption where if the points in the data are in the same cluster then they are likely to
be in the same class in the data. The cluster assumption is however dependent on the low-
density separation rule that defines the decision boundary to define the clusters, where
the boundary is defined that it should lie in a low-density region. The manifold
assumption states that data falls on a low dimensional manifold. Data falling on such a
manifold avoids on the curse of dimensionality [57], which relates to the exponential
growth of dimensions increasing the volume making the data sparse affecting significance
of the data points, by reducing the dimensionality [58]. Semi-supervised learning works
best in situations where obtaining a large data set is easy but labelling the data set would
involve a huge effort. Such data sets include web page classification, speech recognition

data and genome sequencing projects.

2.2.4 Reinforcement Learning

Sutton and Barto [59] define reinforcement learning as goal-directed learning achieved
through interaction. The system is not directed to take actions but instead receives
feedback to any actions taken and given a reward. In time the system discovers what
actions leads to the most beneficial reward. To understand how reinforcement learning
works, the system has a learning agent, the system environment, value function, and the
goals that determine the size of the reward. The learning agent is tasked with achieving
the goal while getting to understand the environment through the feedback received over
time from outside the environment with regards to the actions taken to get to the goal.
The value function defines whether over time the actions taken have received a maximum
reward. Reinforcement learning makes use of Markov Decision Processes (MDPs) [60]
[61] which define the working between the learning agent, environment, reward and
actions to get the rewards. MDP is a random process where the probability of the result

of actions is not dependent on past states and results.
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Reinforcement learning is different from supervised learning because in supervised
learning the system is provided with training label examples at the start. Reinforcement
learning is also different from unsupervised learning because the system receives
feedback as it learns to generalise the solution to the goal. The major challenge of
reinforcement learning is finding the right balance between letting the system explore and
exploit. The balance challenge is getting to a situation where the learning agent can retake
previous learning actions that have resulted in reward and also try new actions that

provide the possibility of a better reward.

A recent development that has shown the success of reinforcement learning is AlphaGo
Zero [62], which is an improved version of AlphaGo. AlphaGo has the distinguished title
of being the first program to defeat a human world champion in the game of Go. It is the
first successful self-trained algorithm that learned on a dataset that had not been curated
by human experts. It showed the art of possible by removing the need for human-curated

learning datasets.

2.2.5 Bias in Machine Learning

The biggest issue in machine learning models is the existence of bias. Bias is an intrinsic
component of the makeup of the data and the workings of machine learning. Hildebrandt
[63] argues that the best way to mitigate the issues of bias, either in data or design, is for
aresearch design methodology that involves the users and developers of machine learning
models to learn more about the potential and limitations of the machine outcomes. It is
therefore vital that issues of bias are addressed as more models start to be deployed in
society especially in areas of law [64] and medicine. How to resolve the issue of bias,
therefore, becomes an integral part where the selection and identification of the data
including the determination of the interest in the data, the choice of the algorithm to use

and the training management in the steps of producing the model are carefully considered.
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It is with this in mind that a lot of effort by machine learning researchers [65] and experts
are focused on highlighting the problems associated with bias and developing tools to
mitigate it. Dixon et.al [66] looked at unintended bias in text and found that one way of
mitigating bias in text classification is counter-balancing the effect by adding data from
other domain sources. Tools such as the IBM Al Fairness 360 toolkit [67], FairML [68]
and others are being developed to assist in the identification of bias and sharing best

practise to tackle bias.

2.3  Text Analytics

Text mining is the process of refining data collected over some time into a usable format
using tools [69]. This involves processes of taking the initial form of the data and through
steps of pre-processing, text mining operations and postprocessing to be able to derive
value. Hearst [70] defines text mining as,

. the discovery by computer of new, previously unknown information, by

automatically extracting information from written sources”.

Text analytics is normally referred to as text mining or machine learning from text
depending on the context. Text mining differs from information retrieval as rather than
just getting the source of the information (documents or texts), it further adds useful data,
known as metadata, about the documents (texts). Text mining is best carried out by
software that can decipher the metadata in the texts and able to provide visual aids of the

information [71] [72].

Text analytics is the extraction of useful insights by the application of statistical tools and
machine learning methods and algorithms to discover any discerning features in the text
[73]. In the Focus section in the Introduction, we highlighted the growth in the field of
text analytics. It has exponentially grown with more organisations seeking to adopt text

analytics to effectively make use of its data. Industries that have heavily adopted text
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analytics include banking, healthcare and retail [12]. Future prediction indicates that the

use of text analytics will grow, and form part of core business spend [14].

2.4 Natural Language Processing

Liddy [74] offers the following definition for natural language processing (NLP),
“... is a theoretically motivated range of computational techniques for analysing
and representing naturally occurring texts at one or more levels of linguistic
analysis for the purpose of achieving human-like language processing for a range

of tasks or applications.”

NLP, therefore, includes in part natural language understanding and natural language
generation. Natural language understanding is taking an input of a text and being able to
make an output that is useful and provides true representation. A good example of this is
the translation of a text from dialogue in a movie from the spoken language to the user
preferred language through the use of subtitles. Natural language generation is the task of
generating text or speech in a language from resources held in machine format.
Generation of language in this way has however invited criticism and concern as this
process bypasses human input, and language is considered an intrinsic part of being
human. An example of a natural language generator is the Washington Post system,
Heliograf [75], used to write new reports during the 2016 Summer Olympics and in the
2016 United States Election. In the 2019 General Election, the British Broadcasting
Corporation (BBC) used a semi-automated system, Semi-Automated Local Content

(SALCO), to auto-generate election result news reports [76].

2.4.1 Sentiment Analysis

Sentiment analysis (SA) is also known as opinion mining (OM). Sentiment Analysis is

the computational study of people’s opinions, attitudes and emotions toward an entity
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[77]. Therefore, the importance of undertaking SA is to find opinions, thoughts, views or
expressed sentiment. Organisations undertake SA on their customer or product or service
reviews or recommendations to find out how well or not their service or product is truly
performing. SA is considered a classification task where it is important to undertake
specific steps to finding the sentiment. To undertake a SA task, features from the text are
extracted. Some of the features extracted from the text include negation which easily
identifies negativity. Or parts-of-speech (POS), where adjectives are used to indicate

opinions [78].

Figure 1, shows the techniques of sentiment analysis. Sentiment analysis can either be
done through using machine learning or through lexicon approach. Lexicon based
approach requires the creation of a lexicon dictionary with the relevant sentiment polarity
[78]. The use of machine learning algorithms to undertake SA and document analysis has
been extensively researched with a particular interest in supervised algorithms [55] [79].
Unsupervised algorithms have also been used in developing models for sentiment
analysis, especially where labelling in the corpus does not exist. Models such as one done
using Latent Dirichlet Allocation (LDA) [80] has been shown to work in unsupervised
machine learning situations. LDA is further discussed in the following section as part of

topic modelling.
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2.4.2 Topic modelling

Unstructured data as highlighted in the introduction is the bane of organisations. This is
especially true for those situations where the opinion of customers and consumers is
sought. It is usually the aim of such an exercise to further glean meaning at best to simplify
topics that can provide a simplistic view. The predominant technique and methodology

for undertaking this exercise is topic modelling.

Topic modelling is about taking a text corpus and uncovering topics and discovering
latent hidden themes in the text. The task is also about being able to provide an insight
that can point to the sentiment and possibly to the emotion of the text. The nature of
natural language text is the fact that the subject, context and phrasing can hugely affect
the reading of the text. Topic modelling is therefore widely deployed in an organisation
that relies on being informed of customer feedback. Topic models are computer programs
that statistically take the existence of a series of words and derive a topic in the view of
the computer. It is important to recognise that the association of words to the topic can
vary from the view of a human being and the computer. The success of a modelling task
is dependent on a number of things, including the quality of text processing, having a
variety of topics to talk about, choice of an appropriate modelling algorithm, deciding on

the number of topics to ask the algorithm, and deciding the tuning parameters.

One example of a topic modelling method that has been widely used is the Latent
Dirichlet Allocation (LDA), which was highlighted as one of the methods also used for
sentiment analysis in the previous section. LDA [81] is a generative probabilistic
Bayesian model for use with the collection of discrete data such as text corpora.
Generative means that the model produces predictive data using a joint probability
function of the data input values. The approach of LDA is summarised by its two core

principles central to its methodology.
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The first principle is that for every document (text) there is a mix of random latent topics.
To illustrate, take a statement such as “gaming has been increasing over the years in line
with internet use and some people comment that this has resulted in the rise of crime”.
That text has three topics: gaming, internet and crime. The number of topics and the
influence of the topics to the overall reading of the text varies with each text. The second
principle is that every topic is formed from a body of words. An example of this would
be for example a topic television would include words about “shows”, “series”, “news”,
and “streaming”. LDA is, therefore, a mathematics methodology of estimating both the
mix of words in a topic and the mix of topics in a text corpus. A review [82] of various
published work about the implementation and usage of LDA through modification show

that LDA through its resilience and popularity in the field of text analytics is a cornerstone

method in topic modelling.
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Figure 2 Graphical model representation of LDA [81]

The parameters a and 3 in Figure 2 are text-level corpora parameters that are sampled
once in the generation of the corpus. The 0 is overall text variables that are sampled once
per document while the z and w are word-level variables(topics z, words w) sampled once
for each word in each text document where the two plates NV and M are representative of
replicates with M representing the overall text (document) and the inner plate N represents

repetition in topics and words present within [81].
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2.5 Data

Data, as we mentioned in the Introduction, is at the core of all organisation, public or
private. Data is the raw collection of information that is collected in its impure state that
forms the basis of an organisation process. Data can be categorised as either structured or

unstructured or a hybrid of the two.

2.5.1 Structured data

Structured data is easily organised information that can be held in a form that can be
interrogated easily. Structured data has the property of being able to be query and stored
in a format that is easy to enter, store, query, analyse and visualise. Structured data is
usually saved in a database and managed through the use of structured query language

(SQL) that was specifically developed to handle structured relational database systems.

2.5.2 Unstructured data

Davis [3] in a recent opinion lead for CIO says that at least 80% - 90% of all business
data is unstructured data. Daily statistics show that 500 million tweets, 294 billion emails,
4 petabytes on Facebook, 4 terabytes on transport links, 28 billion petabytes from
wearables, 65 billion messages on WhatsApp and 5 billion searches on search engines
[83] are the current state of measurable data. It shows that most of today’s data held as
pictures, documents, video, web data such as social media messages and audio files are

held as unstructured data.

The task for any organisation then is to ensure that it can organise the available daily data
glut. This huge collection of data is what has become known as big data. The recent digital
explosion has meant the “day-to-day” business is no longer just a part of the day business
i.e. 9-5 but an “always-on” 24/7 business. The problem as Davis highlights is not that

organisations are unaware of the amount of data but rather that the tools and technologies
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available to make sense of the data are lacking. Organisations are however taking steps
to try and mine the unstructured data for useful information to inform on their decision
making and improve their competitiveness. At present this is proving to be an impossible
task to undertake without the help of service companies as highlighted in the introduction.
Adnan et.al [84] highlighted the experience of healthcare in making sense of the
unprecedented growth in unstructured data. An IDC report [85] shows that the trend in
the coming future is for an increase in organisational data meaning that organisations that

want to survive the data tsunami need to have a solution to handle the unstructured data.

Organisations can take advantage of Al, ML and using tools such as topic modelling and
sentiment analysis provide solutions. This report aims to provide an example of such a
solution that can be used to derive knowledge from information and data presented in an
unstructured format. The solution will aim to provide management information that will

add value to the decision-making process of the organisation.

2.6 Cloud Computing

Cloud computing is the delivery of on-demand computing resources over the internet on
a pay-for-use basis [86] from a provider. Some of the major providers include Amazon
Web Services (AWS), Microsoft Azure, and Google Cloud Platform (GCP) among
others. Better known simply as the cloud, it offers benefits compared to the traditional
enterprise that includes cost savings, flexibility, security, choice, speed, audit capabilities,
integration, and business continuity opportunities. Recently the use of the cloud has
increased and more and more services from public [87] and private, big [88] or small [89]
are being offered through this delivery. The kinds of services offered through cloud
computing are infrastructure as a service (laaS), platform as a service (PaaS), and
software as a service (SaaS). Figure 3, is a representation of the layers that make up the

services and a definition of where the demarcation in terms of responsibility management
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is determined (shown here as an example of AWS product). It is known as the shared

responsibility model.

The Shared Responsibility Model

Data Data Data Data
Application Application Application

0S (O

Virtualization

Infrastructure

Physical

On-premises Infrastructure Container Abstract
(Traditional) (1aas) (Paas) (Saas)

Figure 3 The Shared Responsibility Model [90]

2.6.1 Platform as a Service (PaaS)

Platform as a service is the service where a provider provides the hardware and software
tools to its customers. Figure 3, shows that the customer responsibility is defined to be
within the application and data layers while the provider handles the OS, virtualisation,

infrastructure and the physical assets.

2.6.1.1 Function as a service (FaaS$)

FaaS is a type of backend architecture where customers are provided with a complete
platform just to run the code. The service provider manages the backend specifics of
infrastructure. On such a service is AWS Lambda. AWS Lambda is an abstraction layer
offered by AWS to allow for the running of compute functions. Rather than running

virtual machine images or operating systems, the abstraction layer allows for the function
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code to run while AWS provides the environment. The customer has no need to provide
any infrastructure, no need to check resource status, security patches or updates. AWS

Lambda also allows for event-driven execution of the code [91].

The advantages of FaaS are what defines the new architecture of cloud computing known
as Serverless Architecture. Serverless architecture is a software design pattern that

eliminates the need for managing infrastructure by the customer [92].

2.6.1.2 Database as a service (DBaas$)

DBaaS is a cloud service that offers the service of a database as part of PaaS. AWS RDS
is an example of a DBaaS service that is offered by the provider AWS. It offers the
services of popular database engines such as PostgreSQL, MySQL and Oracle [93].

2.6.1.3 Machine Learning as a Service (MLaasS)

Machine learning as a service (MLaaS) is a microservice that provides machine learning
tools through cloud computing [94]. The integration of the models is done by using the
prediction results through REST APIs. These services are currently being offered by the
major cloud computing providers AWS Amazon ML, Microsoft Azure ML, IBM Watson,
Google Cloud ML among others. It is also being offered as an addon service by major

consultancy companies such as Accenture [95], and Deloitte [96].

2.6.1.4 Business Intelligence as a Service (BlaaS)

Business intelligence as a service is a managed service that allows users to transform data
that is held in different places into an actionable form of intelligence. This is done mainly
through the use of visualisation. Amazon Quicksight [97] and Microsoft Power BI are
examples of BlaaS. They allow the creation of dashboards for visualisation from different

data sources e.g. files, databases, or data stores.
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2.7 Datasets

A dataset is a collection of data of particular interest. In machine learning, datasets are
used as the source of input in the development of ML models. The common datasets are

those popularised through their use in published literature, journals or studies.

As interest in the Al and ML fields has increased the availability of datasets has increased
too. It is now possible to find datasets online at various repositories such as Kaggle [98],
KDNuggets [99], Github [100], public [101] and private [102], academic or commercial
research labs [103].

2.8 Data Science

Data science is a discipline that provides principles, methodology, and guidelines for the
analysis of data for tools, values or insights [104]. However, data science as a term has
seen efforts to define it on what the scientists do. Conway [105] in an attempt to define

the skills required in data science drew the data science Venn diagram.
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Figure 4 The Data Science Venn Diagram [105]

2.8.1 Software

2.8.1.1 Python

Python is an open-source usable high-level general programming language [106].
Currently, two versions of python are on general release and support, version 2.7 and
version 3.8.1. Python is heavily used in machine learning due to its ease of use and easier
learning curve relative to other programming languages. Many of the ML libraries and

tools have been developed for use in Python and some have been integrated as inbuilt
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libraries into Python. These include scikit-learn (used for data mining and analysis),
Tensorflow (a high-level neural network library) and pylearn2 (used for data mining and

ML).

2.8.1.2 Anaconda

Anaconda [107] is an open-source data science and machine learning platform that allows
the use of Python and R software among other programming languages. The platform
allows the management of libraries, dependencies and environments in one place through
Conda. ML and deep learning models can be developed using tools such as scikit-learn,
Tensorflow and Theanos. Jupyter notebooks are also part of the platform and provided as

standard.

2.8.1.3 Jupyter Notebook

Jupyter notebook is an open-source web application that allows creation and sharing of
documents that contain code, text, equations and visualisation [108]. The uses of Jupyter
notebook include visualisation, data cleaning and manipulation, ML and other tasks that

can be run through code.

2.8.1.4 NLTK

NLTK stands for Natural Language Toolkit. NLTK is a platform for building Python
programs that involve working with human language data [109]. The toolkit was
developed by the Department of Computer and Information Science at the University of
Pennsylvania. The table, Table 1, gives a summary of the modules available for the
specific natural language processing task. To make use of the modules, the modules have

to be imported to the environment.
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Table 1 NLTK modules for language processing tasks [109]

Language processing task | NLTK Functionality
modules
Accessing corpora corpus standardized interfaces to corpora and lexicons
String processing tokenize, tokenizers, sentence tokenizers, stemmers
stem
Collocation discovery collocations | t-test,  chi-squared,  point-wise = mutual
information
Part-of-speech tagging tag n-gram, backoff, Brill, HMM, TnT
Machine learning classify, decision tree, maximum entropy, naive Bayes,

cluster, tbl | EM, k-means

Chunking chunk regular expression, n-gram, named-entity
Parsing parse, ccg chart, feature-based, unification, probabilistic,
dependency
Semantic interpretation sem, lambda calculus, first-order logic, model
inference checking
Evaluation metrics metrics precision, recall, agreement coefficients

Probability and estimation probability | frequency distributions, smoothed probability

distributions

Applications app, chat graphical concordancer, parsers, WordNet

browser, chatbots

Linguistic fieldwork toolbox manipulate data in SIL Toolbox format

2.8.1.5 Data Science Toolkit

Data Science Toolkit (DST) is an open-source collection of the best open data sets and
open-source tools for data science, wrapped in an easy-to-use REST/JSON application
programming interface (API) with command line, Python and Javascript interfaces [110].

The server can be run as a self-contained as a virtual machine.

2.9 Conclusion
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In this section, we have discussed how artificial intelligence and machine learning has
developed over time. We have also looked at what makes up natural language processing
and how it is used in text analytics methods such as sentiment analysis and topic
modelling through the use of LDA. We also identified places where datasets are available
for use in machine learning projects. Finally, we looked at data science tools that are

available and those that have will be used in the project.
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3 Research Methodology

3.1 Introduction

Social media has seen exponentially grown as a form of organisational communication
as highlighted in the Background Section in Chapter 1 and now represents an active
channel for customer interaction. That interaction, however, is under the control of the
customers and not the organisation and as such the form of that communication is “as is”.
This project will use only publicly available data which will simplify and allow for
working within the legal and ethical framework. Since the organisational institution is a
public institution, the legal expectation is that any person within the UK should be able
to access the services provided. The customer services for those services has an output
that falls under the guise of unstructured data and would include the call centre voice

calls, emails, chat logs, and social media interactions.

The aim of this project to provide a prototype text analytics cloud service that can offer
sentiment analysis evaluation of the text input, provide topic guidance and provide a
management information and business information output that can be used in the

decision-making process of the customer service.

In this chapter, we will discuss the research philosophy used in the project. We will

explain the research methodologies used and mention the outcomes of the research.

3.1.1 Philosophy

We decided to make use of positivism philosophy as we made use of real data captured
from social media. We were independent of the parts of the organisation dealing with
customer interaction and therefore holds an objectivist view. We look to provide a

simplified view of the interaction from the customers as a dashboard. The sample used
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involved the collection of over 200,000 individual social media posts captured over 10
years. The resultant prototype developed was developed using the population rather than

making use of only a part of the data.

To better understand the current operation an introduction meeting was arranged to find
out the true daily experiences of the teams of the analyst, support analysts, and
management of the contact centre teams. This provided first-hand experience of the
challenges experienced by the teams in terms of finding out what the customer was saying

and how to identify any of the topical trends.

3.1.2 Approaches

The Literature Review chapter gives a systematic view of artificial intelligence, machine
learning, text analytics, natural language processing, data, cloud computing and data

science. We choose this view as it complements the use of the inductive approach.

The software development approach decided was to use prototyping for development.
Use of high-fidelity prototypes (computer-based) in the approach allowed for the
exploration of different iterations quickly and the testing of the functionality of the

systems.

The deployment involved the inductive approach where the first development involved
the use of Ubuntu chat logs to find out how Python, NLTK, data processing and topic
modelling worked. Iteration of the model through the use of other natural processing tools
in Python was used to further identify the preferred tool. The final prototype was

developed in Azure ML using all the lesson learned during the iterative development.

3.1.3 Strategy
We made the use of grounded theory in the project. This offered the best approach for the

project. It allowed for systematic and structured project development. We were able to
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collect actual data that gave the true picture of what the consumers (public) were saying.
Institutional knowledge allowed for the project to be able to identify the context that

might have been lost on those without specific institutional knowledge.
3.1.3.1 Literature Review

The literature review was done to provide knowledge in the field of sentiment analysis
and topic modelling. This informed the decision to pursue mixed methods approaches of
how to develop the project including identifying the challenges offered by the data

collected.

3.1.3.2 Design

We decided to use a sequential exploratory strategy where the collection of the data was
done before any design of the model. The data influenced the choice of software to use
and how to develop the model and finally on where best to deploy it. The prototype
solution was required to meet the organisational strategic and operational plan for a cloud-

first solution that includes the use of RESTful APIs.

3.1.4 Risks & Limitations

Due to making use of actual data, consideration of any legal implications had to be
officially resolved. The requirements and time constraints were a factor as permissions
were being clarified. To allow for the development process to start the use of a public

dataset was determined to be a good substitute.

3.1.5 Validity, Reliability & Generalisability

3.1.5.1 Validity
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The use of actual public data was necessary for the success of the project. The use of
social media post was determined to be the validation of the prototype in deriving

sentiment and topic modelling or classification.

3.1.5.2 Reliability

The use of public Twitter data allows any researcher to be able to replicate the results of

this project.

3.1.5.3 Generalisability

The results from this project show that the use of social media text can be used to inform
on sentiment. The use of cloud computing to deliver the prototype system implements it

in the current working environment.

3.1.6 Data Evaluation Methods

3.1.6.1 Data Collection

To make use of chat logs, it was decided to make use of the public dataset available from
the Ubuntu corpus as mentioned in the Introduction in the Focus section. The Twitter data

was to be collected by running of a Python script.

During the evaluation of the system, 10 users were asked to rate 30 text phrases by
sentiment scores of between -1 to 1 rating of negative to positive and decided on the

number of topics they thought was contained in the text, see Appendix 12.4.1.
The sentiment analysis score and topic identification score were also collected in a

PostgreSQL database for use in management information and business intelligence

reporting.
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3.1.6.2 Data Evaluation and Analysis

Once the system was deployed daily capturing of social media post from the DVLA social
media accounts was undertaken with the results saved to a PostgreSQL

database (a AWS RDS PostgreSQL database). The analysis of the resultant scores was
presented through the use of a cloud service analytics tool, AWS QuickSight dashboard.

3.2 Development Methodology

3.2.1 Software Development Methodology

The software development methodology used was prototyping. This allows for instant
feedback to be visible as the development progressed. The steps involved included
identifying the requirements of the proposed system, the development of a prototype, a
review of the system and iteration of the system to enhance it to capture the comments

offered from the review. This methodology also suited the development team of one.

3.3 Resources

3.3.1 Hardware Resources

The hardware used for the project was a MacBook Pro i7.

3.3.2 Software Resources

The software used in the development of the project include:
a) Python
As mentioned in the Software section in Chapter 2, Python is a high-level

programming language in use commercially. Python offered the quickest learn-
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b)

g)

h)

)

k)

D

to-development learning curve. The choice to use Python with machine learning
project was obvious as the resources available made it the best choice.

NLTK

As mentioned in the Software section in Chapter 2, NLTK is a toolkit made for
natural language processing tasks. NLTK was used for natural language
processing tasks

MS Word

MS Word was used as the preferred word processing software for the project.
Mendeley

Mendeley was used to manage the reference collection.

MS Project

MS Project was used for project management planning.

Tweepy

Tweepy was used to get the tweets from Twitter API.

TweetScraper

TweetScraper was used to obtain tweets from Twitter Search without the use of
the Twitter APL.

Vader

Vader was used as a module in NLTK to undertake sentiment analysis.

Azure ML

We made use of Azure ML MLaaS for the final iteration of the prototype. Azure
from the literature research was the most mature MLaaS for NLP tasks.

AWS Services

We made use of AWS services to fulfil the requirement of a serverless deployment
for the prototype. The services used were AWS Lambda, API Gateway, AWS
RDS (PostgresSQL) and Quicksight.

NodelS

NodeJS was used to code the function code deployed in AWS Lambda for the
connection to the Azure ML service and to persist the data to AWS RDS.

Bootstrap and JQuery:
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Bootstrap and JQuery were used in the development of a web-based application
that provided the structure for the consumption of the REST APIs developed. The
version used was Bootstrap version 4 sourced from Bootstrap official source;

https://getbootstrap.com/.

m) Postman:

Postman was used to test the Azure ML service endpoint.

3.3.3 Human Resources

The project involved a team of 10 users to rate the same piece of text used in the prototype

for sentiment and topic valuation.

3.4 Conclusion

The research methodology choices were made to ensure that the project chooses the right
method in data collection, and design of the prototype system. The choices made for
development methodology informed what the software choice made to develop the design
proposed. It also informed on the next step of requirement specification of the proposed

prototype.
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4 Software Requirements Specification (SRS)

4.1 Introduction

This section is to define the software requirements of the prototype system developed as
part of this report.

4.2 Goals of SRS:

The final system developed requires an input of unstructured data in the form of texts
from social media posts and then to return a sentiment score and predictive topics. The
system should be hosted on the cloud and use resources as practically possible. The
system should provide RESTful APIs, where the resources should be accessed through a
defined endpoint. A dashboard should be provided as part of the final system to provide

a visual representation of the system results.

4.3 Fundamentals

4.3.1 Functional Requirements:

The functional requirements are those descriptions that the system should do [111].

Table 2 Example of Functional requirement

Name F1: Allow input of text

Summary The system should allow the inputting of copied text.

Rationale An analyst will copy the text of a social media post and paste it
into the system to carry out sentiment analysis and topic
identification.

Requirement When the user starts the system the user should be able to see
where to enter copied text.

Reference UC-1: Enter text
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4.3.2 Non-functional Requirements:

Non-functional requirements are software qualities attributes of the system [111].

Table 3 Example of Non-functional requirement

Name NF-1 Availability of the system through a web-browser

Summary The system should be available through a web-browser for convenience.

Rationale Since all analyst uses the web-browser for other activities it is best to
offer the service through the web-browser.

Requirements Ensure the service works in all available web browsers.

References UC-1: Enter text

The attributes that form part of non-functional requirements include availability,

efficiency, flexibility, portability, integrity, performance, reliability, reusability,

robustness, scalability, usability [111].

4.3.3 Use-cases:

Use cases are a representation of high-level functionality of a system such as a component

part.

Table 4 Example of a use case

Name UC-1 Enter Test

Summary Text data can be entered

Rationale

Users Analyst

Preconditions The user has already copied the text from the source.

Basic course of events

1. The user activates the text area
2. The user can enter the copied text into the area

Alternate path

None

Postcondition

If the user does not want to proceed with the text inserted
they can clear the text area
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4.4 Process

The actors of the prototype system are:

Table 5 Actors of the prototype

Name Responsibility

Analyst Enter the text into the system and run the sentiment

analysis and topic identification

Report Analyst Be able to get management information and business

information from a dashboard

Team Manager Be able to easily know from prepared reports the

sentiment expressed by customers.

Figure 5 shows the sequence diagram of how an analyst uses the system. It shows the
process of getting the sentiment analysis score and topic identification probability

percentages and saving the information to a database.
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Figure 5 Sequence diagram of the prototype with the analyst actor
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4.5 Validation

The validation of the prototype system will be done using social media posts captured
from Twitter and Facebook posts and results evaluated in the Results and Evaluation
section.
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5 Design and Development

5.1 Design

The most important thing is to ensure that the developed system gives value to the
organisation. Michalewicz et.al [112] noted that successful management decisions are
made when the decision makers are able to leverage the ability of knowledge offered if
accompanied with some recommendations. One of the aims of the project is that once the
predictions of the topics and sentiment derived from the entered text the results are saved
where a management information dashboard can be used to offer some real-time

information in a useful manner.

Adaptability

| E ﬂ

N K D

F N Optimization E
D o] o P
A Data IG Data ‘:_v |
T Preparation A C Mining E [— _— s

T N |
A | D S

(o) g’ Prediction N

N

Figure 6 Use of prediction and optimisation to add value in business systems [112]

The Figure 6 above shows an overview of the transformation that data and derived
information need to undergo through text mining process to achieve some knowledge that
provides value in decision making process through the prediction and optimisation
provided by the developed system. The developed system will be a functioning text

analytics system that will provide sentiment and topic prediction.

We used the unstructured data found in the Ubuntu Dialogue Corpus [16] dataset to
develop the methodology in terms of topic modelling. Once this was done, DVLA Twitter
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messages was then used to refine the topic modelling and add sentimental analysis to the

system.

5.1.1 Design Outlook

The overall design flowchart of the system is as shown in Figure 7 below.

- -

<" Preparation "

D l --------------- N
' H ' H
' '
'

Stemming
i Lemmatization !
: Remove Stop Words !
Tokenisation :

Ll
Creationof |
Bag of Words

1

PR

Results of
Receive every job for
Sentiment and sentiment score
Topic prediction g and

c prediction saved

Model dBployed
intg a

cloud enyironment

Enter : !
Text ! Database |

User

Figure 7 Prototype system design
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5.1.2 Data Collection

5.1.2.1 Ubuntu dataset

The Ubuntu corpus dataset was downloaded from the research repository [113]. The data

includes ubuntu chat support logs of a 1-to-1 conversation.

A B C D E F
folder dialoguelD date from to text
301 Ltsv 2004-11-23T11:49:00.000Z stuNNed any ideas why java plugin takes so long to load?
301 1tsv 2004-11-23T11:49:00.000Z crimsun stuNNed java14?
301 1tsv 72004-11-23711:49:00.0002 stuNNed crimsun yes
301 Litsv 2004-11-23T11:49:00.000Z crimsun stuNNed java 1.5 loads _much_faster
301 1tsv 2004-11-23T11:50:00.000Z stuNNed crimsun noneus: how can i get 1.5 is there a .deb somewhere?
301 1tsv 2004-11-23T11:50:00.000Z crimsun stuNNed not yet.
301 1tsv 2004-11-23T11:50:00.000Z stuNNed crimsun noneus: is this blackdown or sun?
301 1.tsv 2004-11-23T11:50:00.000Z stuNNed crimsun did you install just the jre?
) 301 1tsv 2004-11-23T11:51:00.000Z crimsun stuNNed luse IBM's 1.4.2
L 301 Ltsv 2004-11-23T11:51:00.000Z crimsun stuNNed (idk, because I do globus development)
! 301 1tsv 2004-11-23T11:52:00.000Z stuNNed crimsun ah ok then, i'll give it a try, does IBM have a standard jre with plugin?
i 301 Ltsv 2004-11-23T11:52:00.000Z crimsun stuNNed yes

Figure 8 Original Ubuntu dataset

Due to the large size of the dataset, we only made use of conversations contained in the

“ubuntu_dataset.tgz.aa (954M)” file.
5.1.2.2 DVLA dataset

Using TweetScraper which is mentioned in Software Resources section we obtained
tweets associated with the @DVLAgovuk, the official DVLA Twitter handle [114], and
#DVLA tweets. TweetScraper is a simple crawler for Twitter Search without using the

Twitter API [115]. Each individual tweet is saved as a JSON file.

"usernameTweet": "TheABD",

"ID": "1330565166",

"text": "ABD Welcomes MPs® Defence Of Drivers® Privacy - http://www.abd.org.uk/pr/656.htm #Parking #DVLA",
"url": "/TheABD/status/1330565166",
"nbr_retweet": 0,

"nbr_favorite": 0,

"nbr_reply": 0,

"datetime": "2009-03-15 06:56:16"
"is_reply": false,

"is_retweet": false,

"user_id": "21440544"

Figure 9 Example of TweetScraper tweet file
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5.1.3 Data Pre-processing

Before data can be used in an Al process, data requires to be processed. During processing
the data is cleaned to remove unnecessary content that rather than inform will be a
hinderance. In the best-case scenario, the hinderance can provide a false positive outcome,
which is where the outcome as an output of the system is deemed to positively answer the
questions posed. An example of this would be if an organisation is looking to find out if
the new payment system deployed is being well received. If the answer from the process
is no while it is yes, then the organisation will spend more time improving the system to
meet the dissatisfaction. In statistical terms this is known as a type I error. And in the
worst-case scenario, it could be the output saying the process has been well received while
in reality the organisation is disappointing customers and destroying its reputation and
losing customers and money in the process. This in statistical terms would be known as a

type II error.

5.1.3.1 Ubuntu dataset

For pre-processing, we had to change the structure of the dataset to ensure that data was
one line per conversation. We used Python with the help of pandas to read the dataset file

and merge the conversations by grouping the ID, see Appendix 12.2.1.1.

5.1.3.2 DVLA dataset

To do this, we used a Python with the help of pandas to read all the individual files from

the saved location and merge them into a single csv file, see Appendix 12.2.1.2.

5.1.3.3 Load data

To load the data into the Python environment, we used pandas dataframes as shown in

Figure 10.
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import pandas as pd

ubuntu_chat = pd.read_csv('Merge.csv')

Figure 10 Example of importing data

5.1.3.4 Normalisation

Normalisation is the conversion of text into only lowercase. This removes any distinction

of words due to the cases on the letters, shown in Figure 11.

ubuntu_chat['text'] = ubuntu_chat['text'].str.lower()

Figure 11 Example of normalisation

5.1.3.5 Tokenisation

Tokenisation is the process whereby text that is made up of words, sentences, or clauses
is split into separate single parts. It involves the removal of punctuation marks in the texts

and in the most basic form gets the text into just words.

ubuntu_chat['words'] = ubuntu_chat['text'].apply(nltk.word_tokenize)

Figure 12 Example of tokenization

5.1.4 Stop Words

Stop words are removed from data since they are unlikely to be of any benefit and will
get in the way of undertaking natural language processing (NLP) task of text
classification. It is however advised not to undertake the removal of stop words in NLP
tasks such as machine translation and text summarisation, since the use of the stop words
in this case does inform the feel and gives meaning to the text. We make use of NLTK
modules to import English stopwords. It is not ideal to only use English as we know the

interaction with the DVLA can be in English or Welsh.
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from nltk.corpus import stopwords
stop_words = stopwords.words('english')

ubuntu_chat['words_minus'] = ubuntu_chat['words'].apply( x: [item for
item X if item stop_words])

Figure 13 Example of stop words removal

5.1.4.1 Stemming

Stemming is the process where a word is mapped to its base form in the language, a stem.
It involved the use of mainly either removing the suffixes or prefixes. Stemming is
therefore a necessary part of any natural language processing activity. Singh and Gupta
[116] provide a categorisation of stemming techniques in Figure /4 and highlight the
different ways and algorithms to find the stems of words in natural language processing
(NLP). However, it is possible to get errors through either over-stemming or under-
stemming. Over-stemming would happen when two words are associated to the same base
word but should not be and under-stemming happens when for example two words are

associated with different stems but they are part of only one stem.

Stemming Techniques

Rule Based Statistical Hybrid

Lexicon Analysis

p— Brute Force po—
Based

Corpus Analysis

Affix R |
ix Remova e

Character N-Gram
Based

Morphological

Figure 14 Stemming Techniques [116]
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An example of the stemming done to the data is shown in the figure below.

from nltk.stem.snowball import SnowballStemmer

stemmer = SnowballStemmer("english")
ubuntu_chat['words_stemmed'] = ubuntu_chat['words_minus'].apply(
[stemmer.stem(y) for y x1)

Figure 15 Example of stemming

5.1.5 Extracting features

The simplest method of extracting features from text is making use of modules that are
part of the toolkit. For example extracting parts of speech from the text would require the

use of “pos_tag” module in the NLTK, as shown in Figure 16.

ubuntu_chat['pos'l= ubuntu_chat['words_stemmed'].apply(nltk.pos_tag)

Figure 16 Example of extracting parts of speech features

5.1.6 Data Visualisation

Data visualisation involves use of tools like graphs and maps to represent the data in a
visual way. Data visualisation tools are available as part of the Python language or add-
on modules. They have become an integral part of machine learning project as visual aids
work better than printed results. Example of data visualisation tools include matplotlib, a

Python 2D plotting library [117], and pyLDAvis [118].

5.1.7 Modelling

Model building is a process of reification, where more details is being added to the overall
model during implementation. The projects aim to deliver sentiment analysis and topic
identification but how? We decided on making use of using Vader sentiment module in

NLTK and using LDA for topic modelling.
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Following the overview given in Figure 17, the modelling process through the iterations

will be used to refine the results.

to experiment
to clarify

to understand
to analyse

to evaluate

Reason for modelling

What to model How to model
structure textuarl
transformations graphical .
inputs and outputs mathematical

state
Figure 17 Modelling overview [119]

In NLTK the sentiment analysis was done using Vader Sentiment that is part of the
sentiment class. Vader [120] is a simple rule-based model for general sentiment analysis
that was shown to outperforms individual human raters. An example of how Vader was

used is shown in Figure 18.

from vaderSentiment import vaderSentiment as vs
sentimentAnalysis = vs.SentimentIntensityAnalyzer()

sentiment_analyzer_scores(sentence):
score = sentimentAnalysis.polarity_scores(sentence)
print(" ", format(sentence, str(score)))

sentiment_analyzer_scores(ubuntu_chat['tolist'][0])

Figure 18 Example of using Vader in NLTK
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For topic modelling, we decided after a review when undertaking Literature Review that
we consider the use of non-negative matrix factorization (NMF) and LDA using Gensim.
A review of using NMF is shown below. It was then decided to use Gensim for topic

modelling.

from sklearn import decomposition

nmf = decomposition.NMF(init = 'nndsvd', n_components = 2, max_iter = 200)
W = nmf.fit_transform(tfidf)

H = nmf.components_

feature_names = vectorizer.get_feature_names()

n_top_words = 10

for topic_idx, topic enumerate(H):

print("Topic #%d:" % topic_idx)

print(" ".join([feature_names[i]
for i topic.argsort() [:-n_top_words — 1:-111))
print()
#
Topic
ubuntu use help anyon know work tri window hi file
Topic
instal apt packag sudo ubuntu updat cd upgrad desktop remov

Figure 19 NMF using NLTK

5.2 Development

The development prototype iterations were done with Figure 7 as the reference.

5.2.1 ML model
5.2.1.1 Iteration 1

Iteration 1 was developed in NLTK, using the Ubuntu chat logs dataset to experiment on
how to import modules, import data, undertake data pre-processing, and understand how

to display the most talked terms in the chats.
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Results of the model for the most talked terms in the dataset is shown in Figure 20.

instal
tri hls‘!ps eget'
ubun

work' anyon 1le

Figure 20 Iteration I results

5.2.1.2 Iteration 2

This iteration built on the foundations of Iteration 1 while making changes on the feature
extraction adding the use of NMF to identify topics relevant in the Ubuntu dataset. The
results shown in Figure 21 are the result of running NMF analysis to find 2 topics from

the dataset.

Topic #0:
ubuntu use help anyon know work tri window hi file

Topic #1:
instal apt packag sudo ubuntu updat cd upgrad desktop remov

Figure 21 Iteration 2 NMF results

5.2.1.3 Iteration 3

This iteration was done to add sentiment analysis to the model previously achieved in

Iteration 2. The result of the iteration is shown in Figure 22.
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sentiment_analyzer_scores(ubuntu_chat['tolist'][0] )|

['{', 'also', 'guy', ',', m", 'tri', 'get', 'firefox', 'prefer', ',', 'keep', 'tell', 'root.dis', '=', 'true',
;' 'log', 'root', "'", '2', '.', '}']{'neg': 0.0, 'neu': 1.0, 'pos': 0.0, 'compound': 0.0}

Figure 22 Iteration 3 Sentiment Analysis

5.2.1.4 Iteration 4
Having achieved the objectives of getting sentiment and topic identification it was agreed
to proceed to using the DVLA dataset. And following the Literature Review on topic

modelling, in this iteration we decided find out more about topic modelling using NMF

and LDA.

from sklearn.decomposition import NMF, LatentDirichletAllocation

Figure 23 NMF and LDA modules

The NMF was done using the Frobenius norm, and using the generalized Kullback-
Leibler divergence. The results for 8 topics for the two NMF models and the LDA model

are shown in Figure 24.

Fitting the NMF model (Frobenius norm) with tf-idf features, n_samples=2000 and n_features=1000...
done in 15.360s.

Topics in NMF model (Frobenius norm):

Topic #0: contact details hi dv la team advice investigate gov uk
Topic #1: dvlagovuk license address just car change new help sent ve
Topic #2: thanks ok help reply great hi dm dvlagovuk sorted able
Topic #3: licence driving hi old return address dvla sa99 swansea cut
Topic #4: thank ok dvlagovuk great advise able reply help okay sorted
Topic #5: online enguiry 123 0815 0300 team hi contact 11 advice
Topic #6: com twitter pic uk gov dvla driving scam tell government
Topic #7: tax vehicle car report untaxed hi uk gov road v5c

Fitting the NMF model (generalized Kullback-Leibler divergence) with tf-idf features, n_samples=2000 and n_features=1
000...
done in 93.105s.

Topics in NMF model (generalized Kullback-Leibler divergence):

Topic #0: hi contact details gov advice uk need number team information

Topic #1: dvlagovuk car just dvla know got does ve new drive

Topic #2: dvlagovuk thanks help dm able just ok great sent reply

Topic #3: licence hi address driving change need application license apply new

Topic #4: dvla driving thank licence drivers counterpart swansea changes news drivinglicence
Topic #5: dvlagovuk tax online car 0300 service need 123 ca 0815

Topic #6: com pic twitter gov uk dvla check driving tell apply

Topic #7: hi vehicle dvla tax send report untaxed aware message delete

Fitting LDA models with tf features, n_samples=2000 and n_features=1000...
done in 388.862s.

Topics in LDA model:
Topic #0: com twitter pic advise helps dvlagovuk stat worry surely country
Topic #1: texts emails com scam pic taxitorloseit information matter dvla ly
Topic #2: licence hi driving address dvlagovuk vehicle send uk need new
Topic #3: contact hi details team advice la dv enquiry dm 0300

Topic #4: dvlagovuk thanks thank tax car vehicle twitter ve service just
Topic #5: delete social media twitter com parking autism isn directly unable
Topic #6: sa99 follow lzw dvla com asked assistance lol umber visitalk
Topic #7: record afraid tweet com things response twitter clear pic autistic

Figure 24 Results of running NMF and LDA
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5.2.1.5 Iteration 5

Following further research, it was acknowledged that LDA can be improved. It was then
decided to make use of Mallet [121], a JAVA based package for statistical natural
language processing and topic modelling among other tasks. To achieve this objective, it
was agreed to use Gensim, which is a library in Python [122] [123]. To use Mallet, we
employed the use of the Gensim python wrapper available [124].

The coherence score is used to rate the quality of the topics derived by the LDA model
[125]. Figure 25, shows using only LDA and Figure 26 shows the model after using
LDA Mallet.

Coherence Score: 0.2976228777140434

Figure 25 LDA as normal

Coherence Score: 0.4699788388530619

Figure 26 LDA after using LDA Mallet

The topics summaries are shown as word clouds in Figure 27.

Figure 28 show the topics as defined by the model after improvement through LDA
Mallet and where the probability is equal across the topics. It also shows the most salient
terms in the dataset. Further detail of the individual topics including the words that are

most salient is available in the Appendix section 12.2.1.3.
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Figure 27 Topics from iteration 5
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Intertopic Distance Map (via multidimensional scaling) Top-30 Most Salient Terms1
vvvv o 10,000 20,000 30,000 40,000
4 licence
tax
vehicle
contact
car
detail
send
drive
address
change
online
number
week
receive
PC1 driving
team
6! 2 find
check
service
form
make
enquiry
time
back
application
report
advice
email
5 license
Marginal topic distribution day
Overall term frequency
2% I Estimated term frequency within the selected topic
5% 1. saliency(term w) = frequency(w) * [sum_t p(t | w) * log(p(t | w)/p(t))] for topics t; see Chuang et. al (2012)
2. relevance(term w | topic t) = A * p(w | 1) + (1 A) * p(w | t)/p(w); see Sievert & Shirley (2014)

Figure 28 Topic modelling results

5.2.1.6 Iteration Azure ML

Having developed the model in Python, and NLTK, and established the concepts, it was
time to start development in the cloud. Of the three major cloud providers i.e. Microsoft
Azure, Amazon Web Services and Google Cloud Platform, Microsoft Azure provided the

most developed machine learning natural language platform.
We choose to develop the model in Microsoft Azure Machine Learning studio (classic)

(AMLS). To start, we uploaded the dataset through the graphic user interface (GUI), as

shown in Figure 29.
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datasets

MY DATASETS ~ SAMPLES

DATASET ﬂ TocAL FiLE Upload a new dataset from a local file

MODULE

PROJECT

EXPERIMENT

NOTEBOOK

Figure 29 Azure dataset upload

Using the studio was intuitive as the tasks further required were the same as the Python

and NLTK experience with a GUI provided, as shown in Figure 30.

= Microsoft Azure Machine Learning Studio (classic)

<

»
a
@
2
=
¥
o

Search experiment items jo
ﬁgﬁ Saved Datasets

.” Trained Models

E@ Transforms

i= Data Format Conversions

i_) Data Input and Output

Data Transformation

,C') Feature Selection

@ Machine Learning

s‘ﬂ OpenCV Library Modules
f%x Python Language Modules

(R Rlanguage Modules

Z,] Statistical Functions

5‘; Text Analytics

N Time Series

@ Web Service

a Deprecated

Figure 30 Machine learning development tasks

To start the pre-processing of the dataset, the studio provides “Preprocess Text” option

that requires further fine tuning depending on requirement, as shown in Figure 31.

56



Properties  Project >
Language
English v
Remove by part of speech

False v

Text column to clean

Selected columns:
Column names: Text

Launch column selector
Remove stop words
Lemmatization
Detect sentences
Normalize case to lowercase
Remove numbers
Remove special characters
Remove duplicate characters
Remove email addresses
Remove URLs
Expand verb contractions
Normalize backslashes to slashes

Split tokens on special characters

Figure 31 AMLS Pre-processing

We further choose LDA options and K-means clustering to create the required model in

AMLS as shown in Figure 32.

4 Latent Dirichlet Allocation 4 K-Means Clustering
Target column(s) Create trainer mode
Selected columns: Single Parameter s

Column names: Preprocessed Text

Number of Centroids

3 |

Launch column selector

Number of topics to model

Initialization
Le |
K-Means++ s
N-grams
I 2 ] Random number seed
12
Normalize I ]
. Metric
Show all options p
5 -
False N | Euclidean 4
Build dictionary of ngrams Iterations
True N | 100 |
Maximum size of ngram dictionary Assign Label Mode
| 20000 | Ignore label column s

Figure 32 LDA and K-means options in AMLS

57



The final training model including options for webservices input and output is shown in
Figure 33. It was then deployed as a webservice as Figure 34. The service provides an

API endpoint that was then available to be integrated with any other service.

-l
iai noline.csv
/.

:::]
Sem Select Columns in Dataset
o

\

B8 Clean Missing Data

i
c
Web service input e
[ee] Words.csv

o
\ /

5’; Preprocess Text

L 4

/

5_:: Latent Dirichlet Allocation

@ K-Means Clustering
o

: 5

il?n Select Columns in Dataset
®

/”_,/

- ¥

@ Sweep Clustering

4

8 Assign to Clusters
o

Web service output

v

ﬁz Convert to Dataset
o

)

i— Convert to CSV

Figure 33 AMLS final training experiment
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a Web service input
@ cleanediweetsentiment

—

&y Select Columns in Dataset
Bl Prod (Clean Missing Data]

N

ER Prod [Latent Dirichlet Alloca ] Apply Transformation
/.
5= Preprocess Text v
[Z] Apply Transtormation v
L &

B0 Select Columns in Dataset
.\

=

8, Clean Missing Data v

F Prod ltrained model] 1

L 4
[ Assign Data to Clusters v

Web service output

Figure 34 AMLS predictive service

Using Postman, we were able to test the endpoint, as shown in the Figure 35.

Postman

25 My Workspace v &, Invite

No Environment v
1 hcent L4 ussouthcentral.sen [ ] GET L 4+ e
Untitled Request
POST v httpsi//ussouthcentral.services.azureml.net/workspaces/5e3857dcc7a3451b8894fbf0eabde7d0/services/9c69fc985b7f40efbd718cf2db8704c5/execute?... Send v
L[] 2, Body @
none form-data x-www-form-urlencoded @ raw binary GraphQL B€TA ( v

1-|f

(4

5 "Text": "Driver reported for offences and further enquiries will be made by the DVLA in relation to tax owed Welwyn Garden City",

€ "Compound": "0.4",

"Positive

] "Neutral’ N
) "Negative" :
10 }
11 1]
12 }
13 "GlobalParameters”: {}
14

Figure 35 Testing webservice endpoint with Postman
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5.2.2 Production API

To meet an objective of the project to ensure the service is provided through cloud
serverless technologies. All services were to be delivered through APIs. The service was
planned to be delivered as shown on Figure 36. We decided to use the AWS services for
the delivery of the APIs. Amazon API Gateway enables the creation and deployment of
developed REST and WebSocket APIs at any scale. We choose to use AWS Lambda for
FaaS and AWS RDS for data storage of the results.

The service was to make use of AWS Lambda with two NodeJS functions for the Azure
ML endpoint (Figure 38) and the PostgreSQL database interaction (Figure 39). And one
AWS Lambda Python function for the Sentiment Analysis, Figure 37.

NLTK
Vader Sentiment

Python

iPython API for Sentiment Analysis

Amazon API 1 Node JS
Gateway : H AZURE

iProd API P oS AR o Az o A /

User

Lambda
function

E.NodeJS API to post final Results to DB

Figure 36 Deployed Service
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aws Services v Resource Groups v /& CloudWatch & Kinesis Lambda %
analyseSentiment [ Throtte | [ quatifiers v | [ &
C issi itoring
v Designer

‘ analyseSentiment

@ Layers (4]

API Gateway

Figure 37 Sentiment lambda

aws Services v  Resource Groups v [ CloudWatch & Kinesis Lambda %
Lambda Functions azureMLJS
azureMLJS | Throttle Qualifiers ¥
Configuration Permissions Monitoring
v Designer

‘ azureMLJS

<SS
b Layers m

m API Gateway

+ Add trigger

Figure 38 Azure lambda

Services v Resource Groups v % CloudWatch < Kinesis Lambda *

Lambda Functions connectPGS

connectPGS Throttle
Configu N
v Designer

’ connectPGS

g Layers (4]

API Gateway

\ + Add trigger

Figure 39 PostgreSQL lambda
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Services v Resource Groups v % CloudWatch

& Kinesis
:1: Amazon APl Gateway ~ APIs > textAnalytics (81n9psekk0) > Stages

APIs . Stages m

Custom Domain Names v & prod

~ /postresults

API: textAnalytics

Resources
| stages OFTIONS
~ /topics

Authorizers !
Gateway Responses

Models

Resource Policy

Documentation

Dashboard

Settings

lleana Dlane

Lambda %

Select a stage

Figure 40 Amazon API Gateway

5.2.3 Database Development

For the database, we decided to make use of the

of a PostgreSQL database.

Services v Resource Groups v 15 CloudWatch

Amazon RDS services with the choice

Create database

Choose a database creation method i

O standard Create
You set all of the configuration options, including ones
for availability, security, backups, and maintenance

Engine options

Engine type Info

Amazon Aurora MySQL
*
O PostgreSQL Oracle

ORACLE

% Kinesis [P Lambda *

Easy Create

Use recommended best-practice configurations. Some
configuration options can be changed after the
database is created.

MariaDB

ol

Microsoft SQL Server

\9 g(f)mL Server

Figure 41 Amazon RDS PostgreSQL database
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5.2.4 UI Development

The user interface (UI) was designed using Bootstrap which was highlighted in the
Software Resources section. We choose Bootstrap as was developed for use in web
application development prototyping. We used JQuery to provide functionality for the
connection from the user interactions e.g. clicks. The Javascript functions available are to
connect to the AWS API Gateway endpoint that provides the score results and posting of
the data to the database.

© & https://antsite.s3.us-east-2 com/index.htm| - O W )Y

Text analytics:

Topic Modelling and Sentiment Analysis

This service is to be used to provide text analysis on provided text. The service uses a trained Machine Learning model hosted in
the cloud.

Enter the text in the area provided below.

Enter Text

Get Sentiment

Clear results

Figure 42 UI frontend of prototype

5.2.5 Dashboard development
The dashboard development involved the use of Amazon Quicksight, which is a
serverless business intelligence service. The workflow involved in creating the dashboard

is shown in Figure 43.
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Amazon QuickSight Workflow

Analyze

Get ready to analyze / /\Ii \
N — NI ‘ Vlsueasllz: G
= — @ o

Examine data Share dashboard

Prepare data Create a Share with
for analysis data set analysts V

Make better decisions

(<
l-
il
l

Connect to your data @ [j S :

= -_— -
S~ JSON H -
< J Quick G -

AWS cloud corporate data files Saas |nsig hts
center

Figure 43 Quicksight Workflow [126]

Connecting the PostgreSQL database was made possible by inputting the details of the

database as shown in Figure 44.

1

New PostgreSQL data source x

Data source name

Enter a name for the data source

Connection type

Public network v

Database server

Enter hostname or IP address

] Port [
Port
Database name
] Enter a database name [
Username
Username
Password
] Password [

Validate connection Enable SSL

Figure 44 Connect PostgreSQL to Quicksight
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6 Testing

In this chapter, the tests run to evaluate the system are presented with the output
received from the system. The purpose of running the test was to ensure the output of
the system was expected. The output of the system was used to determine whether the
prototype was working or whether further evaluations were required in line with

industry recommendations [127].

6.1 Manual Testing

We decided to carry out manual testing of the system. To undertake the testing, the
process steps used were to:
1) enter the text into the textarea shown in the Figure 42 frontend and clicking
the “Get Sentiment” button
i) once the Sentiment Scores are received
iii) click the “Get Topics™ button
v) results of the Predicted Topics will be received, then preview the results.

V) click “Clear results” button to clear the textarea and restart the process

6.1.1 Test 1:

Text: Vehicle tax Web site don't worry it hardly gets used
ANYWaY ...,

Results:

Sentiment Scoring:

Sentiment Compound Score: 0.3412

Positive Score: 0.194

Negative Score: 0

Neutral Score: 0.806

Topics:

o\

Topicl: 0.08
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Topic2: 0.08 %
Topic3: 0.08 %
Topic4: 0.08 %

Topic5: 0.08
Topic6: 64.48 2
Topic7: 10.92
Topic8: 24.22 %

o\
o o

o\

6.1.2 Test2:

Text: passed my test...now give me my licence
Results:

Sentiment Scoring:

Sentiment Compound Score: 0

Positive Score: O

Negative Score: 0

Neutral Score: 1

Topics:

o\

Topicl: 0.14
Topic2: 19.92
Topic3: 19.92
Topic4: 19.92 %
Topic5: 19.92
Topic6: 19.92

oe

oe

oe

oe

Topic7: 0.14

o\

o\

Topic8: 0.14

6.1.3 Test 3:

Text: How infuriated would you be if the DVLA made an ‘error’,
marked vyour driving 1licence as Dbanned & your insurance was
cancelled- will they fix it? Meanwhile an innocent guy has to stop
everything & jump through hoops to ‘fix! #DVLA  error..
unbelievable! #getitsorted

Results:

Sentiment Scoring:
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Sentiment Compound Score: -0.8658
Positive Score: 0.079
Negative Score: 0.262
Neutral Score: 0.659
Topics:

Topicl: 12.82 %
Topic2: 23.53 %
Topic3: 2.15 %
Topic4d: 7.47 %
Topic5: 4.80 %
Topic6: 42.29 %
Topic7: 4.80 %
Topic8: 2.15 %

6.1.4 Test4:

Text: I bet there's a lot too that
passing their test.

#dvla

Paying someone

Results:

Sentiment Scoring:
Sentiment Compound Score: 0
Positive Score: O

Negative Score: 0

Neutral Score: 1

Topics:

Topicl: 7.21 %
Topic2: 7.21 %
Topic3: 16.61 %
Topic4d: 7.21 %
Topic5: 16.61 %
Topic6: 45.08 %
Topic7: 0.04 %
Topic8: 0.04 %

are driving without actually

to take their test for them
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6.1.5 Test 5:

Text: #DVLA

_ i

Figure 45 : Example Twitter Text "tweet"

Results:

Sentiment Scoring:
Sentiment Compound Score: 0
Positive Score: O

Negative Score: 0

Neutral Score: 1

Topics:

Topicl: 12.

o\

Topic2: 12.

o\

o\

Topic3: 12.

o\

Topic4: 12.
Topic5: 12.

o\

Topic6: 12.

o\

Topic7: 12.

o o o ;o1 oG

Topic8: 12.

o\

6.1.6 Testé6:

Text: Hubby off work 5 months as DVLA suspended license after
faint. No medical/ fitness to drive issues..all tests show nothing.
Doctor said fit for work. Now 4 months waiting for #Dvla doc to
sign a paper. Now have to claim #UniversalCredit as Job was

driving.Now mortgage at risk.
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Results:

Sentiment Scoring:

Sentiment Compound Score:

Positive Score: 0.041

Negative Score: 0.184

Neutral
Topics:
Topicl:
Topic2:
Topic3:
Topic4d:
Topich:
Topic6:
Topic7:
Topic8:

Score:

9.36
23.12
2.51 %
12.80
5.92
43.77
0.01
2.51

o\

o\

o\

o\

6.1.7 Test7:

0.775

oe

oe

oe

-0.7514

Text: Vehicle stopped in #Chester driver had his licence revoked

on medical grounds by #DVLA & #GP & rightly so 2nd offence in 6

months.

structured goal to getting back on track.

Results:

Vehicle seized & a long chat about #mentalhealth with a

Sentiment Scoring:

Sentiment Compound Score:

Positive Score: 0

Negative Score: 0.117

Neutral
Topics:
Topicl:
Topic2:
Topic3:
Topic4d:
Topich:
Topic6:
Topic7:

Score:

15.67
5.87
2.64
12.40
5.87
54.89
0.02 %

o\

o\

o\

0.883

oe

Q

o\

oe

-0.5233
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Topic8: 2.64 %

6.1.8 Test8

Text: How long does it take for the application of a lost driving
license? My mum applied as she's lost her paper one and has never

had a photo ID license...she done
hasn't had anything in the post?!
Results:

Sentiment Scoring:

Sentiment Compound Score: -0.5574
Positive Score: O

Negative Score: 0.106

Neutral Score: 0.894

Topics:
Topicl: 0.03
Topic2: 19.96

o\
oe

o\

Topic3: 0.03
Topic4d: 7.61

o\

Topicb5: 3.52
Topic6: 65.31

o\

oe

Topic7: 0.03

o\

6.1.9 Test9

this on 20th November and still

Text: @DVLAgovuk well this letter took a long time to get here,

like 100 years!!! I must be living a second life or perhaps I’ve

slipped through a #ParallelUniverse

Results:

Sentiment Scoring:

Sentiment Compound Score: 0.5574
Positive Score: 0.173

Negative Score: 0

Neutral Score: 0.827

Topics:

Topicl: 9.05 %

Topic2: 14.01 %
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Topic3: 0.03

o\

Topic4: 0.03

o\

Topic5: 0.03
Topic6: 63.67

o\

oe

Topic7: 4.13

o\

Topic8: 9.05

o\

6.1.10 Test 10

Text: You have to love being able to tax your vehicle online with

@DVLAgovuk. No more standing in post
find the right paperwork. It took me
#DVLA #disability

Results:
Sentiment Scoring:

Sentiment Compound Score: 0.4588
Positive Score: 0.104

Negative Score: 0.054

Neutral Score: 0.842

Topics:

Topicl: 10.73 %

Topic2: 18.43 %

o\

Topic3: 0.02

o\

Topic4: 3.06

o\

o\

Topicb5: 0.02
Topic6: 60.84

oe

Topic7: 0.02

o\

Topic8: 6.88 %

6.1.11 Test11

office queues and trying to

less than a minute!

#cartax

Text: When a car parked outside mine 1is reported nothing happens

nothing ever happens so what's the point in paying my road tax

#faithlostindvla
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Results:

Sentiment Scoring:

Sentiment Compound Score:

Positive Score: O
Negative Score: 0
Neutral Score: 1
Topics:

Topicl: 10.43 %
Topic2: 10.43 %
Topic3: 10.43

o\

oe

Topic4: 0.04

o\

Topic5: 0.04
Topic6: 58.17

o\
oe

o\

Topic7: 0.04
Topic8: 10.43

oe

6.2 Conclusion:

0

The results of the above tests are in line with the expectations of the system. The system

is able to accept the entered text and request the sentiment scores and predictive topics.

The response were as expected but further discussion such as the accuracy of the tests

will be discussed further in the Discussion section.
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7 Results and Evaluation

7.1 Test Results

Following the manual testing process highlighted in the Manual Testing section, the
evaluation of the individual 8 topics of the deployed system was undertaken. Table 6

shows a summary of the topics and the words that are contained in the individual topics.

Table 6 Relevant word(s) in the predictive topics

Name of Topic Relevant word(s)

Topic 1 unlicenced

Topic 2 error, lost documents, lost licence

Topic 3 money

Topic 4 insurance, medical

Topic 5 test

Topic 6 application form, website, online enquiry, contact centre
Topic 7 police, enforcement

Topic 8 tax

The test coverage is shown in Table 7, and gives a reason why the tests were selected.
Rather than give a specific mention of the topic categories returned or expected the

sentiment, some of the information is to give a generalised view of topics.
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Table 7 Test coverage

Test no. Results Reason for test | Valuation
System result Expert Developer Pass or Fail
expectation expectation (white
box testing)
1 Positive Negative Negative, 3 topics Test the system Fail
sentiment, 3 sentiment, 3 works. The
topics topics system returned
the sentiment and
topics
2 Failed to register | The expert would | Expected system to Find out if the Fail
the intention of expect the system | return negative system can get
the statement, to return negative | sentiment semantics
gave positive sentiment
sentiment rather
than negative
sentiment
3&4 Returned To return relevant | Unsure as the Vader Unsure whether Pass
sentiment sentiment Sentiment was the system can
developed for short- read multiple
form texts sentences?
5 Equal probability | Expect the phrase | Equal probability Find out ifa Pass
across the 8 used to cover all expected of 12.5% neutral text
topics topics returns a neutral
sentiment score
and equal
predictive tops
6-8 Returned a To return relevant | It should accept the Longer text Pass

sentiment and

topics covering

sentiment

text as it is from

social media.

submitted from
other social
media site,

Facebook.
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Returned a
positive

sentiment

Expected a
negative

sentiment

Vader uses a
cumulative scoring
for sentiment,
therefore expected it

positive.

Can the system
recognise
sarcasm and
deliver
appropriate

sentiment?

System
does work

as expected

The results show that use of Vader is not perfect as it falls short when handling some

semantics. This is a known problem of lexicon-based systems.

7.2

Sentiment scores

To evaluate whether the system was providing the correct sentiment, an expert provided

a sentiment score on the same texts used in the manual tests. The results are shown in

Table 8 below. The results show that the system provides a 64% accuracy of providing

the correct sentiment. This result is better than a 50/50 guess and shows that the system

although providing lower than the ideal result (where the expert is providing the

sentiment).

Table 8§ Comparison of Sentiment Results from the system and expert opinion

Test no. Sentiment Agree (1)
System Expert Disagree (0)
opinion

1 positive negative 0

2 neutral neutral 1

3 negative negative 1

4 neutral negative 0

5 neutral neutral 1

6 negative negative 1

7 negative negative 1

8 negative negative 1

9 positive negative 0

10 positive positive 1

11 neutral positive 0
Agree =7
63.6%
Disagree = 4
36.4%
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Further evaluation of the system was done using sample texts to evaluate how the system
compares to commercially available systems, expert and non-expert rating. We decided
to determine the sentiment score in line with Vader Sentiment scoring [ 128] where a score
of less than -0.05 is received the score is negative while a score of above 0.05 is a positive
sentiment. Sentiment score of between -0.05 and 0.05 non-inclusive will be considered

as a neutral sentiment.

Figure 46 shows that the system and the expert returned a neutral sentiment on the sample
while the commercial and non-experts returned a negative sentiment. This shows that
there is no significant difference between the system and using the expert. The
commercial sentiment tool used for the comparison was the Microsoft Text Analytics API

[129] and DataScience Toolkit [110].

Comparison of Sentiment Scores
between the Expert and
System, Commercial Product and Non-expert

0.1

-0.10

wosLs

[erIWWY)
wadxa-udN

m Tools

—Expert

Sentiment Score
=)
oS

-0.6 H 0.6

u .0.87

Originators

Figure 46 Comparison of sentiment scores
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7.3  Topic modelling

Comparison of Number of Predictive Topics
between the Expert and
System, Commercial Product and Non-expert

3
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Figure 47 Comparison of predictive topics

Using the same sample used in Figure 46, Figure 47 shows the average number of
predictive topics. It shows that the system and expert returned a similar score on the topics
while the commercial and non-expert returned a lower score on the topics. From this
result, it shows that the system prediction for topic modelling is in line with the expert
expectation. The commercial predictive topic modelling tool used for evaluation was

BigML? [130].

7.4 Growth of social media communication

Figure 48 shows the growth of Twitter communication as a form of communication
between DVLA and its users. The chart shows the exponential growth that has
corresponded with the operational change that has happened in the DVLA. Some of the
major operational changes include the closure of the local office network in 2013 and the
abolishment of the paper licence counterpart in 2015. It also follows the growth of

services being delivered online in line with the Strategic Plans [131] [132].

* BigML is a consumable, programmable, and scalable Machine Learning platform founded in 2011 and
based in Corvallis, Oregon, and Valencia, Spain.
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Growth of Twitter Communication
000 relevant to the DVLA

Paper
5000 counterpart
abolishment

Number of Tweets

Closure of
local offices

01/03/2009
01/03/2010
01/03/2011
01/03/2012
01/03/2013

1/03/2014
01/03/2015
01/03/2016
01/03/2017
01/03/2018
01/03/2019

Date

Figure 48 Growth of Twitter Communications relevant to DVLA

Figure 49 shows the breakdown of the topic probability over time, and it clearly shows
an inverse relationship with the drop in topic 3 in years 2013 and 2015 and an increase
for topic 4 and topic 6. This would follow with the expectation that with the closure of
local offices and no paper licences more online interaction with the DVLA is about

money, general DVLA service about applications and questions around drivers medical.
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Average percentage probability

per topic
2009 - 2019
date Measure Names

M Avg. topicl

M Avg. topic2

| Avg. topic3

Avg. topicd

M Avg. topicS

M Avg. topics

M Avg. topic7

Avg. topic8

Avg. Topic 6

Average
e
&

2018

Figure 49 Average percentage probability per topic per year

7.5 Current state

From Figure 49, it is evident that the operational changes in 2013 and 2015 have led to
changes within the topics, but with the changes, there are also implications on the
sentiment. From Figure 49, we chose to focus on those topics that show changes namely
Topic 3, Topic 4, Topic 6 and Topic 8. We then run the system using social media posts

in January 2020.
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Topic 3 Sentiment

40%

Topic 3

10%

v [ ]
| | °® ’ . o
-100% -50% 0 50% 100%

Sentiment

Figure 50 Topic 3 vs Sentiment

Figure 50 shows a cluster of sentiment around 0% and around 0% for topic prediction.
The size of the bubble is representative to the count of run analysis. Taking those clusters
out of the picture it shows that Topic 3 so far in January 2020 shows a strong negative
sentiment. This is collaborated by the news reports about customers being targeted by

scams by groups pretending to be the DVLA [128].

Topic 4 Sentiment

10%

Topic 4
[ ]

0% | . ’ @ o o
-100% -50% 0%

h
50% 100%

Sentiment

Figure 51 Topic 4 vs Sentiment

80



Figure 51 shows the sentiment around Topic 4. As with topic 3, a cluster has formed
around 0 % topic prediction and around 0% sentiment score. Removing those results show
that the sentiment for Topic 4 is balanced with an equal amount of positive and negative
sentiment, although it is evident that there are instances of highly positive and highly

negative sentiment. This is expected as the topic scope includes insurance, and medical

1SSues.

Topic 6 Sentiment

100%

60%

Topic 6
o
(e}

Sentiment

Figure 52 Topic 6 vs Sentiment

Topic 6 is represented in Figure 52, it shows that this topic is almost always part of the
analysis as no 0% is present in the topic prediction. This topic scope there does include
most of DVLA services. When we remove the cluster around 0% sentiment it shows that
we have positive and negative clusters. However, considering the bubble sizes that

represent count, it is clear that this topic is skewed to negative sentiment.
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Topic 8 Sentiment
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Figure 53 Topic 8 vs Sentiment

Topic 8 from Figure 49, shows slow growth in the influence of this topic. The topic scope
includes tax. In Figure 53, when we remove the clusters around sentiment score 0% and
topic prediction of 0%, the picture is a topic that has a negative sentiment score with a
wide range in the topic probability prediction from single digits to 25%. It shows that
issue around tax, which is now known as vehicle excise duty is raised in conjunction with

other topics therefore the existence of the topic.
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Topic 2 Sentiment
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Figure 54 Topic 2 vs Sentiment

Topic 2 sentiment is shown in Figure 54 and using Table 6 is shown that Topic 2 reflects
contact about errors, lost documents or lost licence. Notably, that the same issues were
recently highlighted by the BBC consumer programme, BBC Watchdog [129]. The
programme highlighted examples of DVLA customers being affected by errors in the

service. Figure 54 clearly shows that negative sentiment is the predominant expression

for topic 2.
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8 Discussion

From the results in section Results and Evaluation, we have been able to show that the
use of predictive modelling and sentiment analysis makes it possible to identify trends
occurring in the data. The prototype system results show that it was possible to find trends
available in the customers’ social media posts. For example, from the results, it has been
possible to show that errors are one of the issues customers are contacting the

organisation, Figure 54, and the sentiment is negative.

Sentiment analysis (SA) is an important area in customer service analysis. SA can be
leveraged to assist in determining the level of customer experience, however, analysing
unstructured text is difficult when it comes to the valence especially when sarcasm is
involved. This is an area that needs improvement as the results show a 64% accuracy on
sentiment scores on the given sample. To improve the sentiment analysis scores, it will
be beneficial to improve the sentiment dictionary by adding domain and aspect specific
lexicon making use of approaches such as pointwise mutual information approach (PMI)
[135]. This will allow for adding terms such as “direct debit” not to be considered as a

positive term just because the word direct is considered positive.

It is the nature of what social media is that most of the communication done through it is
most likely to be a complaint rather than a compliment and as such the overall outlook of
negative sentiment in by itself is not a surprise. It is, therefore, the onus on the
organisations to compliment sentiment analysis with topic modelling. This will further
allow for the identification of the topics of the communications. The efficacy of LDA has
shown that it can uncover latent topics in social media posts. The use of LDA in the
prototype system here is done using the Vowpal Wabbit wrapper which is implemented

in the Microsoft Azure MLaaS service [136] [137].

Delivery of the prototype as a service deployed in the cloud would meet one of the goals
of the strategic plan of the organisation [132] and in trend with what other government

organisations are doing [138]. The use of MLaaS rather than developing systems from
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scratch allows for the quick delivery of ideas from design to deployment by leveraging
the existing services already being delivered through the cloud providers. Despite the
advantages of running opensource machine learning frameworks in this case, NLTK, on
owned hardware, issues of scaling and technical debt especially in scaling of the system
would be resource-heavy. Therefore, the use of MLaaS provides an avenue of accessing
advanced Al and data science skills packaged as a service, resource requirement are then

handled as part of the service.
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9 Conclusion

In conclusion, the advantages that sentiment analysis and predictive topic modelling offer
a customer service team in an organisation is invaluable. The new world of customer
service requires that it is not only important to know what the customer has said but it
matters to also know how they feel. By having a system that can allow management to be
aware of the issues as closest to real-time as possible, and with accuracy empowers the

decision-makers to be able to make information-driven decisions.

The MLaaS services that many cloud providers are currently developing such as
Microsoft Azure ML, Google GCP and AWS Machine Learning allow for organisations
to make use of advanced Al, ML and data science skills without involving a lot more
other than making use of the current existing contracts and the human resource (developer
resource). Making use of the provided services would resolve some of the technical debt
problems [10] existing in terms of analysis tools, serving infrastructure, monitoring and
deployment. It is certainly the aim of the cloud providers that the services feel and look
like the other services currently offered and therefore removing the need for their

consumers to acquire a different skill set within the organisation.

The recommendation to the specific study organisation, DVLA, would be that the
development of sentiment and predictive topic modelling service would be in line with
the existing strategic plan of the organisation both in terms of developing services in the
cloud and making use of new cloud technologies such as serverless. It would also enhance
the reputation of the organisation in achieving its goal of being in the upper tier of

customer service and experience.

Future work would involve more focus on the development of services through the use
of MLaaS. We believe that the use of MLaaS will be an important factor in the future of
business analytics and development. The demonstration of its uses in this project bears
witness of the relevance of providing an effective simplification to the behemoth of big
data and especially unstructured data of the form considered i.e. customers’ social media

interactions.
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10 Reflection

Not a day goes by without some mention of artificial intelligence and machine learning
in the news. At work, as part of the emerging technology team, it has given me a chance
to discover topics that are of importance to the organisation. Customer service is part of
the strategic plan of the DVLA and an area where the DVLA wants to ensure that it
achieves “upper quartile in both digital and traditional channels”. The digital channel
available in customer service is through the use of chatbots and social media such as

Twitter, Instagram and Facebook.

My initial thoughts were to make use of the available chatbot interaction and find out how
the “new” field in artificial intelligence and machine learning could be used to leveraged
to understand the interactions between the DVLA and the customers. At present, the voice
calls are transcribed to text and some analytics done on the resultant texts however the
accuracy of the system has required the creation of a team to undertake manual
interrogation of that data to confirm the output of the system. It felt to me that it should

be possible to use Al and ML to make it a less human-intensive process.

However, what initially seemed a focussed idea ran into issues I had not anticipated. One,
the subject involved a much steeper learning curve into what entails Al and ML. The field
keeps receiving a lot of attention both in research, publication and profile. It was a
struggle not having previously tackled the subject and for a long time initially, I spent
most of the time reading on the subject matter and therefore my literature review period
ended up taking longer than I had anticipated. I think if I had had teaching direction before
the project, I would have been able to narrow my focus quicker and develop better and
earlier. I was a novice in Python programming, which was central to the implementation
of the project and therefore required time to upskill to allow for me to be able to proceed
from design to development. However, the experience of learning Python was enjoyable

due to the availability of training material and tutorials.
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Surprisingly after the initial struggles of the knowledge acquiring and upskilling, once I
got to the development section the process become easier. The use of cloud services in
the use of AWS service and Microsoft services was easier to do as I could lean on
previously acquired skills on cloud development at work. The implementation of the
system was also helped by the fact that I had acquired skills through the course especially
in the Webservice module, Agile module, and the Database module and as such nothing
in the implementation of the system in terms of infrastructure was a challenge. During
the development of the service in Azure, however, finding out the words relevant for the
topics end up being a stab in the dark to try and find the relevant words of the categories
and involved a manual testing exercise to discover the words. This is a particular gripe of
users of the Azure MLS that Microsoft has not provided a tool to help the developer find
out further detail of the makeup of the topics that are developed using the LDA.

For any future work, if I had more time, I would then proceed to the comparison through
a review of MLaaS solutions and maybe compare the outcome of using commercial
offerings against opensource platforms such as using Apache Platform Al. I would also
expand the system to allow for file upload facility for analysis. I would also add a
streaming facility possibility using the streaming technologies such as Spark to develop
a way of getting the social media posts in real-time rather than through the current system
where the posts have to be copied across. This would allow for less human intervention

and free the human resource time involved.

Finally, looking back I most of all wish I had more knowledge earlier in the process and
had more time available. What I take from this experience is that I have discovered a
fascinating field and it is so wide and I will continue to investigate and strive to continue

to increase my knowledge and skills.

The whole M.Sc. experience at the DVLA, and UWTSD has been a blessing for me and

my family and I count myself honoured by the experience. Thanks.
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12 Appendix

12.1 SRS

12.1.1Use Cases:
Analyst

UC-2: As an analyst [ want to be able to run the sentiment analysis.
UC-3: As an analyst [ want to be able to run the topic modelling analysis

UC-4: As an analyst I should be able to save the results for the sentiment analysis and
topic identification for the entered text for later analysis

Manager:

UC- 5 As a manager [ want to be able to visually see the daily analysis of system.

12.2 Design and Development

12.2.1 Pre-processing
12.2.1.1 Ubuntu pre-processing

import pandas as pd

f(x):
op = pd.Series(dict(date="{%s}" ‘.join(x['date']),
fromwho="{%s}" % ', '.join(x['from']),
to="{%s}" % ', '.join(x['to'l),
text="{%s}" % ' '.join(x['text'l)))
op.at['date'] = op.get('date')[1:-1].split(', ')[0]
lo = op.get('fromwWho')[1:-1].split("', ")
op.at['fromWho'] = lo[0]
receiver =
for sender lo:
if sender!=1o[0]:
receiver = sender
break
op.at['to'] = receiver
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return op

df = pd.read_csv("dialogueText_301.csv")
df = df.applymap(str)
print('Getting the Dataframe to String')

fd = df.groupby("dialogueID").apply(f)
print('Writing the Dataframe to csv')

fd.to_csv('Merge.csv')

12.2.1.2DVLA Tweets pre-processing

import os, json, csv
import pandas as pd

path_to_json = 'tweet/'
json_files = [pos_json for pos_json 0s.listdir(path_to_json)]

print('Number of files is:' , len(json_files))

jsons_data = pd.DataFrame(columns=["'usernameTweet', 'ID", 'text',
'nbr_reply','is_reply', 'datetime','is_retweet'])

for index, js enumerate(json_files):
with open(os.path.join(path_to_json, js)) as json_file:
json_text = json.load(json_file)

username = json_text['usernameTweet']
ids = json_text['ID"']

text = json_text['text']

nbrreply = json_text['nbr_reply']
reply = json_text['is_reply']
datetime = json_text['datetime’]
retweet = json_text['is_retweet']
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jsons_data.loc[index] = [username, ids, text,

nbrreply, reply,datetime, retweet]

jsons_data.to_csv('dvlatweets.csv', encoding='utf-8', index=

print('Writing Complete')

12.2.1.3Topic Modelling pyLDAvis Output

Intertopic Distance Map (via multidimensional scaling)

PC2

Marginal topic distribtion

Top-30 Most Relevant Terms for Topic 1 (12.6% of tokens)
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Figure 55 LDA Topic 1
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Top-30 Most Relevant Terms for Topic 2 (12.6% of tokens)
12,000

Intertopic Distance Map (via multidimensional scaling)
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Figure 56 LDA Topic 2

Top-30 Most Relevant Terms for Topic 3 (12.5% of tokens)
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I Estimated term frequency within the selected topic
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p(w | )/p(w); see Sievert & Shirley (2014)
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Figure 57 LDA Topic 3
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Intertopic Distance Map (via multidimensional scal

Top-30 Most Relevant Terms for Topic 4 (12.5% of tokens)

I Estimated term frequency within the selected topic
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). p(w 1 )/p(w); see Sievert & Shirley (2014)
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Figure 58 LDA Topic 4

Intertopic Distance Map (via multidimensional scaling)
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I Estimated term frequency within the selected topic

1. saliency(term w) = frequency(w) * [sum_t p(t | w) * log(p{(t | w)/p(t))] for topics t;
/p(w); see Sievert & Shirley (2014)
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Figure 59 LDA Topic 5
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Intertopic Distance Map (via multidimensional scaling)

PC2

Marginal topic distribution

Intertopic Distance Map (via multidimensional scaling)
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Figure 60 LDA Topic 6
Top-30 Most Relevant Terms for Topic 7 (12.4% of tokens)
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Intertopic Distance Map (via multidimensional scaling)

PC2

Marginal topic distribution
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Figure 62 LDA Topic 8

12.3 Development

12.3.1AWS Lambdas - based in Ohio

12.3.1.1Sentiment Lambda

import json

import nltk

nltk.download('punkt’)

from nltk.tokenize import word_tokenize
nltk.data.path.append("/tmp")

nltk.download("punkt", download_dir = "/tmp")

import nltk.tokenize

from vaderSentiment import vaderSentiment as vs
sentimentAnalysis = vs.SentimentIntensity Analyzer()

def lambda_handler(event, context):
sentence = event["text"]
if sentence ==":

raise Exception("Bad request -- Sentence cannot be null.")

if len(nltk.sent_tokenize(sentence)) >

1:

raise Exception("Bad request -- Only one sentence per request.")
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sentiment = sentimentAnalysis.polarity scores(sentence)
return {

'statusCode'": 200,

'body': sentiment

}

12.3.1.2Connect to AzureML

'use strict';

const AWS = require(‘aws-sdk');
const fetch = require('node-fetch');

exports.handler = (event,context, callback) => {

let data = {
"Inputs": {
"inputl": [
{
"Text": event.Inputs.input1[0].Text,
"Compound": event.Inputs.input1[0].Compound,
"Positive": event.Inputs.input1[0].Positive,
"Neutral": event.Inputs.input1[0].Neutral,
"Negative": event.Inputs.input1[0].Negative

}
]
}

lobalParameters": {}

}s

// the bearer key is saved as an environment variable in the settings

fetch(process.env.uri, {
method: "POST",
headers: {
"Content-Type": "application/json",
"Authorization": "Bearer " + process.env.apiKey,
}s
body: JSON.stringify(data),
1)
.then((response) =>
response.json())
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.then((data) => {
let response = {
statusCode: 200,
headers: {
'Content-Type": 'application/json',
'Access-Control-Allow-Origin'": '*',
'Access-Control-Allow-Credentials': true,
s
body: JSON.stringify(data),
¥

callback(null, JSON.parse(response.body));

1)

.catch((error) => {
console.error('Error:', error.details);

1

12.3.1.3Save results to PostgreSQL

exports.handler = async (event) => {
const { Client } = require('pg'); // Needs the nodePostgres Lambda Layer
const client = new Client();
await client.connect();

const body = event.finalResults;

const query = {
text: "insert into public.final
(date,compound,topicl,topic2,topic3,topic4,topic5,topic6,topic7,topic8,assignments,dist
ance(,distancel,distance2) values($1,$2,$3,$4,$5,$6,$7,$8,$9,$10,$11,$12,$13,$14)",
values:
[body.date,body.compound,body.topicl,body.topic2,body.topic3,body.topic4,body.topi
c5,body.topic6,body.topic7,body.topic8,body.assignments,body.distances0,body.distanc
esl,body.distances2],

b

const res = await client.query(query);
console.log(res);
await client.end();
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const response = {

}s
|5

statusCode: 200,
result: "Saved to DB"

return response;

12.4 Results

12.4.1Sample Text for testing

ID
1

10

TEXT

Vehicle tax Web site don't worry it hardly gets used anyway.........

| have been reporting a vehicle for the last 4 month that has no road tax and it
is still parked on a main road. The vehicle is classed as SORNED on the DVLA
website. Will it EVER get clamped?

Is there a reason why you will not just come and clamp this vehicle as it is
parked on a main road and it is not taxed, why do you need to correspond with
the owner? | am now reporting the vehicle every working day so the report is
not ignored. | hope you can resolve this issue.

How long does it take to find untaxed cars ? | know one that's had no tax n mot
since April last year n still running on the road....

there is a car near me that has been used everyday but their mot expired in may
2018 still being driven today plz inbox for details

So why am | 7 months and still waiting for the dvla to process my application
after | have passed a 12 month revoke period, the dvla have been informed no
less than 5 times | have no medical issues and this being 19 months after what
was basically an ear infection !

The only thing you do fast is remove peoples livelihoods, and the only thing you
do cheap is pay a GP £40 to copy a patient's notes and not give a full and honest
examination of someone's health.

Did this back in August for my son, had to do a medical declaration, but still
waiting, can you say how long they take? You've had all info from Drs at the
beginning of November. Thanks

Done this, he's in the queue. Although before Christmas they told us his file was
being accessed so it won't be long. Today he's back in the queue.....

| suggest that there processes are out of date or they do not have enough
staff....they do not care when you call, someone reading a screen.

Ten days since i applied by post for my car tax and it still appears as untaxed on
your system. Why can't you arrange disabled persons car tax online. Surely

108



11

12

13

14

15
16

17

18
19

20

21

22

uploading the necessary paperwork to you is quicker and safer than by post. Or
perhaps being able to take into the post office and doing it there. s

I have already emailed you via your contact page. | am very concerned that my
car which | need daily is not taxed and that important personal information may
be lost in the post. You do not advise to allow 10 working days on your website
for disabled car tax to my knowledge. | await your response to my email which |
sent yesterday and am advised may take 3 days to answer!

What a leaching government, boasting “we’ll find your car if it’s not
taxed”...money, money, we want your money!

Road tax is such an unfair, unbalanced system. If the roads were of decent
standard it may not be such a slap in the face! @&

Whichever way it’s termed, it’s a disproportionate, unfair tax which is
demanded in order to drive on the roads and therefore it should be expected
that the roads are fit to be driven on.

For example - | had a Discovery 3 which | did high miles in towing, | therefore |
also paid a lot of fuel duty...plus the “excise / road tax” was over £500 a year!
But say if I'd only used the Discovery one weekend every month I'd still have to
pay £500+ to have it parked in my garage!

That’s how ridiculously unfair this tax is.

its called road tax anymore... It's called vehicle excise duty... Condition of the
roads and whether you pay your tax because of that is irrelevant...

Yeah, if you have a few cars why could each one be taxed so you can use it on
the road. Surely, you can only drive one car at a time and hence the tax could
be on the driver! Robbers? ???

| never taxed my car For the last 5 year nothing has happened

Lload of rubbish I've reported two such cars in my road no tax, no M.O.T for 4
years one, the other since October.

Dvla are a pure joke anyways we shouldn’t have to pay road tax it should be like
Germany where it comes under ya insurance another way of making money for
the wealthy

This goverment agency is well past it's sell by date

DVLA clamp it even with tax mot and insurance, in fact if your don’t have all
those requirements most people get away with it, they like to clamp the ones
who are not going to fight them.

A runaround at the local police station not interested and dvla phone call centre
theres just no easy and simple way to report finding the untaxed wheel clamps
found by a bin area this morning. Numbered BH736 & 740. Cant even add a
photo here either.

What a laugh, you keep putting up all these ads saying the same, but you've
been told of a car for months with no tax n mot n it's still running on the road
now 9mths later....
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Hi there. | have just applied for a driving license ID card (as | still have the paper
one :-) ) and received a questionnaire to fill in and a list of documents to send
in. It doesnt seem clear to what paperwork you need and it actually says that |
need to send in my valid passport??? | do not want to send such a document in
the post. Is this for real??

Trying to do this for a car | just purchased. just keeps taking me around the
same loop and can't progress. tried contacting you by phone but your operators
are too busy and no option to hold. please advise

i taxed my car in august for a year . this week you sent me a letter saying its not
taxed . Whats going on ? and you have lost my liecence again . DVLA s uesless .
bring back the tax disc so we have proof of tax

Been trying to renew my license for a month online but your system doesn’t
recognise new passports. | found this out after having to phone up and sit
through monologue after monologue of information | had already read online,
telling me to go online. When I finally got to speak to someone they told me
there was an issue and agreed to send me a paper form.

Firstly, there should be a message up on the site stating that some people may
have issues with newer passports, and secondly | am furious to be charged a
higher renewal fee than if | was to renew online. Plus | have to make a special
journey to the post office and buy a postal order plus the postage.

I would like the information needed to make an official complaint about this, as
| don’t think people should be penalised financially because your IT department
are incapable of writing a programme that recognises a combination of 9
numbers. This is an issue you have known about for a while (well over a month)
so why has this not yet been sorted?

would you like it if he smacked into your car without tax mot or insurance ? I'm
sure you wouldn't, if everyone else has to have there car legal on the road then
he shouldnt be any different. Call me what you like if it makes you feel better,
but if the shoe was on the other foot, you'd feel the same......

because they saw fit to make redundancies throughout the UK, blindly
believing they could control licensing automatically from Swansea. Previously,
they had regional officers who would investigate reports like you mention. All
the civil servants involved have since retired on massive pensions or moved to
other Gov agencies.

How long does it take for the application of a lost driving license? My mum
applied as she's lost her paper one and has never had a photo ID license...she
done this on 20th November and still hasn't had anything in the post?!
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Sent my licence off to renew 9 weeks ago (plenty of time to get back for ID over
Christmas). Chased it up for the last 4weeks to be told TODAY it’s been sent to
THE WRONG ADDRESS! How Careless can you be with someone’s personal
documents!
| bet the cheque | sent wasn’t paid into the wrong bank account though!
Messed me up going out over Christmas and for New Year, and now someone
out there has my personal ID document!
Today (9 weeks later) you tell me you still haven’t even got a new one issued to
myself yet and it will be soon! Totally unacceptable! What have a paid for-

30 Worry and a headache!

12.5 FrontEnd link

https://antsite.s3.us-east-2.amazonaws.com/index.html

12.6 AzureMLaaS Link

https://ussouthcentral.services.azureml.net/workspaces/5e3857dcc7a3451
p8894fbflOeabde7d0/services/9c69fc985b7f40efbd718cf2db8704c5/execute?ap
i-version=2.0&format=swagger

= Microsoft Azure Machine Learning Studio (classic) Anthony Njonge (1809703... ~

prod [predictive exp.]

New Web Services Experience

Z0tw eVCa 127/CkR2HC2UQrZWQgLk/nIC2wxUDOG7IWB/QfYUemZuUh +eAjbdg==

Default Endpoint

APLHELP PAGE TesT arps

n dhex L

Python code:

import urllib2
import json

data = {

"Inputs": {
"inputl":
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{
'Text': "ABD Welcomes MPs  Defence Of

Drivers' Privacy - #Parking #DVLA",
'Compound': "0.4767",
'Positive': "0.369",
'Neutral': "0.631",
'Negative': "0",
}
1,
I
"GlobalParameters": {

}
}

body = str.encode (json.dumps (data))

url =
'https://ussouthcentral.services.azureml.net/workspaces/5e3857dcc7a345
1b8894fbfleabde7d0/services/9c69fc985b7£f40efbd718cf2db8704c5/execute?a
pi-version=2.0&format=swagger'

apli key = 'abcl23' # Replace this with the API key for the web service
headers = {'Content-Type':'application/json', 'Authorization': ('Bearer
'+ api key)}

req = urllib2.Request (url, body, headers)

try:
response = urllib2.urlopen (req)

result = response.read()
print (result)
except urllib2.HTTPError, error:
print ("The request failed with status code: " + str(error.code))

# Print the headers - they include the requert ID and the
timestamp, which are useful for debugging the failure

print (error.info())

print (json.loads (error.read())) // This code requires the Nuget
package Microsoft.AspNet.WebApi.Client to be installed.
// Instructions for doing this in Visual Studio:
// Tools -> Nuget Package Manager -> Package Manager Console
// Install-Package Microsoft.AspNet.WebApi.Client

using System;

using System.Collections.Generic;
using System.IO;

using System.Net.Http;

using System.Net.Http.Formatting;
using System.Net.Http.Headers;
using System.Text;

using System.Threading.Tasks;

namespace CallRequestResponseService
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class Program

{

static void Main(string[] args)
{

InvokeRequestResponseService () .Wait (),

}

static async Task InvokeRequestResponseService ()

{

using (var client = new HttpClient())

{

var scoreRequest = new

{

Inputs = new Dictionary<string,
List<Dictionary<string, string>>> () {
{
"inputl",

new List<Dictionary<string, string>> () {new
Dictionary<string, string>() {

{
"Text", "ABD Welcomes

MPs® Defence Of Drivers' Privacy - #Parking #DVLA"
bo
{
"Compound", "0.4767"

"Positive", "0.369"

"Neutral", "0.631"

"Negative", HOH

}y

s
}y
GlobalParameters = new Dictionary<string,
string> () {

}i

const string apiKey = "abcl23"; // Replace this with
the API key for the web service

client.DefaultRequestHeaders.Authorization = new
AuthenticationHeaderValue ( "Bearer", apiKey);

client.BaseAddress = new
Uri("https://ussouthcentral.services.azureml.net/workspaces/5e3857dcc7
a3451b8894fbfleabde7d0/services/9c69£c985b7£40efbd718cf2db8704c5/execu
te?api-version=2.0&format=swagger") ;
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// WARNING: The 'await' statement below can result in
a deadlock

// 1if you are calling this code from the UI thread of
an ASP.Net application.

// One way to address this would be to call
ConfigureAwait (false)

// so that the execution does not attempt to resume on
the original context.

// For instance, replace code such as:

// result = await DoSomeTask ()
// with the following:
// result = await

DoSomeTask () .ConfigureAwait (false)

HttpResponseMessage response = await
client.PostAsJsonAsync ("", scoreRequest);

if (response.IsSuccessStatusCode)
{
string result = await
response.Content.ReadAsStringAsync () ;
Console.WriteLine ("Result: {0}", result);
}
else
{
Console.WritelLine (string.Format ("The request
failed with status code: {0}", response.StatusCode)):;

// Print the headers - they include the requert ID
and the timestamp,

// which are useful for debugging the failure

Console.WriteLine (response.Headers.ToString()) ;

string responseContent = await
response.Content.ReadAsStringAsync () ;

Console.WriteLine (responseContent) ;

}

12.6.1Swagger API info
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«) > @ 0 a ices.azureml, 7dcc7a34s i 9a0dca7268ef10 i

@ Getting Started ) Text Analytics

Microsoft Azure Mac

Quickstart Dashboard Batch Request Log Config Consume Test Swagger API
- /execute?api-version=2.0&format=swagger
Parameters Response
Execution request ExecutionResults
body body
{
"Inputs”: { "ExecutionResults”: {
"input1": [ "Results”: {
"ExecutionQutputs”: {
“Text": "ABD Welcomes MPs' Defence Of Drivers' Privacy - "outputl”: [
#Parking #DVLA", {
“Compound": "0.4767", "items": {
"Positive": "0.369", "output1Item": {
“Neutral": "0.631", "Compound”: "string",
“Negative": "0" g
7
"GlobalParameters”: {}
The API version to use REQUIRED i ;
. ‘Assignments": "integer",
e ‘DistancesToClusterCenter no.
e eeraion, 0": "number"”,
20 "DistancesToClusterCenter no.
! "number"”,
"DistancesToClusterCenter no.
The format of the input to the web service REQUIRED 2": "number”
query }
string }
format }
swagger 7
}
}
}
}
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