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ABSTRACT

In the last few centuries, information has highly appreciated in value and its sources have greatly
increased in number. The introduction of.the web 2.0, which allowed users not only to retrieve
but also generate information as authors, gave birth to a whole new data source called social
media. Social media is a term that integrates technology, social interaction and user generated
content and differs from traditional broadcasting. It commonly comprises of technologies such as
instant messaging programs, discussion forums, weblogs and \;vikis. Facebook, YouTube and
Wikipedia are examples of popular social media websites. The information generated is greatly
useful to individuals, organizations, institutions and governments globally. But this information
tends to be highly unstructured and certain times not trustworthy.

Social Computing is a novel and emerging computing paradigm that involves a multi-
disciplinary approach in analyzing and modeling social behaviors on different media and
~ platforms to produce intelligent and interactive applications and results. The objective of this
project is to summarize social media opinions on various subjects with the focus on Twitter and
Facebook microblog systems. In this project, we propose and attempt to implement a system that
uses various machine learning and computational techniques used in Social Computing to
collect, extract, process, mine, and visualize the data. This summarization task is different from
traditional text summarization because. we are only interested in the positive, negative and
neutral opinions people have expressed on specific features or topics. This will be done at both

the sentence and at the post level (document level).

Keywords: Social media, web crawling, text processing, data mining, machine learning, topic

detection, sentiment analysis, quality content detection.
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1.0 INTRODUCTION

1.1 Problem statement

Social media like Facebook and Twitter have become so popular in recent years attracting
attention from individuals, organizations and governments. Many people use it for
communication and also as a platforin [ur expressing opinions on different subjects like politics,
sports, products etc. Because the data produced by social sites is open to the public, most
organizations and governments are now using this data to monitor people’s reactions to their
products, services, policies, and so on. Because social media attracts people from different parts
of the world, monitoring its data gives organizations and governments a global view of the

matter under consideration.

However, the amount of data produced by Social Sites is huge and unstructured (i.e. contains a
lot of grammatical and spelling errors and contains a lot of slang), which makes the process of

monitoring peoples’ opinions on different subjects difficult.

In this project, we design a software system that summarizes peoples’ opinions expressed on
different topics. The system extracts topics from social media data and mine positive, negative
and neutral opinions expressed by peo;;le. Because social media provides a live stream of its
data, the system will allow organizations and governments to monitor public opinions toward

different topics easily and quickly.

1.2 Project Objectives .
In order to achieve and implement the above proposed system, the following will be the
components that it will constitute. These components define the primary objectives of the project

as they are itemized below;

1. Data collection:



Social media data will be collected from Twitter and Facebook.

Data Preprocessing:
Social media data is highly unstructured and contains a lot of grammatical and spelling

errors. The data will be checked and corrected on spelling and grammar.

Topic Detection:

This involves finding out what topic someone is talking about ina post. People comment
on physical object (like products, places, etc.) and nonphysical objects (ideas, concepts,
etc.). Topic detection should be able to handle both kinds of objects being commented on.
Objects have attributes/features and behavior. F or example, a phone has a screen, a
battery which is its features, and it has behavior, e.g. it can call, it can charge and so on.

Topic detection should be able to detect object features and behavior as well.

Sentiment Analysis:
People like expressing opinions on objects they comment on in social media. Sentiment
analysis involves detecting negative, positive and neutral opinions expressed on different

topics. Sentiment must be detected-on the social media post level and on the topic level.

Quality Content Detection:

The quality of user-generated content varics drastically from excellent to abuse and spam.
Quality Content Detection involves detecting the quality of social media post. This can be
achieved by analyzing social mcdia properties like the number of likes and so on and so
forth. People have accounts in different social sites. Optionally, we can try to detect
accounts in different social sites that belong to the same person. This data can be used to

measure the quality of messages someone posts.



6. Product Feature — Opinion summarized reporting:
For each product feature extracted, the system will show the number of microblog messages

that express positive, negative and neutral opinion. An example of the output is given below;

Android
Screen:
Positive: 253 <individual microblogs>

Negative: 6 <individual microblogs >

Neutral: 1000 <individual microblogs >
Flexibility:

Positive: 134 <individual micr"oblogs >

Negative: 10 <individual microblogs >

Neutral: 500 <individual microblogs >

1.3 Role of the Students in project

The following is the distribution of project tasks;

- Data collection: Everyone.

- Data preprocessing: Everyone.

- Topic detection will be done by Chilembo Musafili.

- Sentiment Analysis will be done by Chulu Victor.

- And Quality Content Detection will be done by Mutanuka Kasonde.

- Product Feature-opinion summarized reporting: Everyone.



1.4 Structure of Thesis

Chapter 1 Introduction: Delivers an overview of the project and provides background
knowledge of the project domain and highlights the challenges of the domain and how the
project serves as a solution. This chapter introduces the scope of the project and further
highlights the primary objectives. Seen as how this project is a work of three students, the

chapter clearly states the role of each student in this project.

Chapter 2 Literature Review and Research Methodology: Provides a synopsis analysis of works
related to this thesis. For each work, the thesis shows the techniques and methodologies

developed. Each work given is linked to {he teferences for more nlomnefion.

Chapter 3 Requirement Analysis: Presents the goal analysis model which breaks the high-level
goals into sub-goals and requirements of this project in fine points. By this approach, you
understand how high-level goals are achieved as you go down the model. The chapter further
presents functional and non-functional requirements of this project. These requirements are

derived from the goals of the project.

Chapter 4 System design: Offers a sketch of the all-inclusive system design. The chapter shows
how the system interacts with other systems in its environment. The chapter correspondingly
shows the high level system architecture which displays how the system is arranged and how it
communicates to perform its functions. The chapter then shows how the system is decomposed
into individual sub-systems and how these subsystems implements the requirements of the

project.

Chapter 5 Implementation: This chapter gives a detailed description of the development of the
system and how each sub-system of a system is designed to perform its functions. It furthermore

ihcorporates screenshots of a developed system.



Chapter 6 Testing and Verification: The chapter designates how the system is tested against
project requirements. It furthermore shows the results of each test case and reports whether the

system implements each project requirement or not.

Chapter 7 Conclusion: Conclusively itemizes the accomplishments made, the challenges faced

during implementation and how in the future these challenges can be overcome.

Chapter 8 References: Presents a list of the literature read all through the implementation of this

project.

Appendix A - Tweet Ranking algorithim: This part outline the tweet ranking algorithm used in

this project.

Appendix B - Lexicon: Offers two table scgments that show the positive and negative words
contained in the compiled lexicon used. These words are used by the system to learn positive

opinions stated about a product.

1.5 Scope

In this project, we implement the social media intelligence extractor as a web based system.
Social media platform are known to take on different paradigms, others are user forums where
users discuss products common to them like the Ubuntu 12.04 forum on askubuntu.com. Others
are web blogs while others are purely instant messaging. In this project, we concentrate on

weblog type of platform, taking advantage of the recent trends on social media. The posts and

tweets used in the projects are those whose authors declared public upon creation, hence no user
privacy rights are violated. Our target platforms are Twitter and Facebook but the later has
access restrictions and does not provide any form of API like the former. Hence the thesis

provides a report on how data can be collected on Facebook while implementing the Twitter data

collection for the project.



1.6 Expected Benefits

The successful implementation of this pfojcct will give birth to a whole new meaning(ul source
of information. As it stands, there is a lot of useful information on the web but because it is
highly unstructured, it remains unused. This project will provide information to individuals,
organizations and governments that will help in decision making processes and market research.

Below is a concise list of expected benefit

- Reduce on costs spent on market research
- Provides a wider sources of information (globc)

- Improve the speed of decision making since the information will be readily availablc.



2.0 LITERATURE REVIEW AND RESEARCH METHODOLOGY

2.1 Literature reviews on topics related to the project
In this section a review of previous work related to this research project is given. Research about
Product Feature extraction related issues, tweet sentiment analysis and opinion mining and

quality content detection are discussed. ‘
2.1.1 Product Feature Extraction

Product feature extraction is the process of identifying features of products people have
mentioned in text. They are a good number of previous works which look in this problem. Some
works uses word relationships in the text. Others use other text statistics to find features. Some
argue that true product features can be gotten from the manufactures. The work of [2] establishes
that product features must be gotten from customers because customers use words not used by

manufacturers’and customers can mention features that the manufactures never thought of.

The authors of [2] extract product features by using Apriori algorithm. The Apriori algorithm
works in two phases. In the first phase it finds frequent itcm sets in the dataset. The second phase
is to find relationships in the extracted item sets. They just use the first phase of the Apriori
algorithm to produce frequent nouns in the dataset. These nouns are taken as candidate features.
Then they prune features using compﬁctness and redundancy techniques to get rid of
uninteresting features. Red Opal system in [8] also uses frequent noun and noun phrases for

product feature extraction. Both of these solutions use well-formed and structured text.

Ontology engineering has shown that written text is a source for extracting semantic
relationships like hyponyms and meronyms. Meronyms show the “has-a” relationship between
two concepts. A concept X is a meronym of a concept Y if native English speakers can accept
sentences formed like Y contains X or X belongs to Y. In [1], the authors study how meronyms

and hyponyms can be extracted from text. This solution works on well-structured text.



2.1.2 Opinion Mining

Opinion mining is the process of discovering opinions expressed by users in text. These opinions
can be positive, negative or neutral. Usually people use adjective words to express opinions.
Words like love, like and so on. They are a number of works which extract opinions in text. In [1,
2, 6] opinions are extracted in online product reviews. Other systems that extract opinions in text

include recommendation systems like in [7] and business intelligence in [4].

One approach to opinion mining is to use a seed of opinion words and their polarity orientation
and then expand the lexicon using WordNet [1]. The second method in [5] is WordNet expansion
and statistical estimation such as point wise mutual information (PMI). These are the two most
popular methods. Both of these methods work on well-structured text and do not consider
negation words near opinion words. The second approach is to judge the polarity of a word or

sentence using a trained classifier such as Naive Bayes and SVM.

2.1.3 Sentiment Classification

Sentiment analysis is a growing area of Natural Language Processing with research ranging from
document level classification [9] to learning the polarity of words and phrases [10, 11]. Given
the character limitations on tweets, classifying the sentiment of Twitter/Facebook messages is
most similar to sentence-level sentiment analysis [10, 12]; however, the informal and specialized
language used in tweets and posts, as well as the very nature of the microblogging domain make
Twitter/Facebook sentiment analysis a very different task. It’s an open question how well the
features and techniques used on more well-formed data will transfer to the microblogging
domain. Just in the past year there have been a number of papers looking at Twitter sentiment
and buzz [4, 13, 14, 15, 16, 17, 29]. Other researchers have begun to explore the use of part-of-
speech features but results remain mixed. Features common to microblogging (e.g., emoticons)
are also common, but there has been little investigation into the usefulness of existing sentiment
resources developed on non-microblogging data. Researchers have also begun to investigate
various ways of automatically collecting training data. Several researchers rely on emoticons for

defining their training data [14, 29]. [13] exploit existing Twitter sentiment sites for collecting




training data. [15] use hashtags for creating training data, but they limit their experiments to

sentiment/non-sentiment classification, rather than 3-way polarity classification [18], as we do.

2.1.4 Quality Content Detection

The Assessment of content quality in social media possess a challenge in accurately evaluating
the quality because the content is usu’ally created by users from different backgrounds, for
different domains and consumed by users with different requirements. Due to the large
population of social media uscrs and vast volume of user generated content in many social media
services, it would be useful to automate the process of Quality Content detection aver manual
evaluation techniques. The ability to develop an accurate and objective measure for quality
beccomes challenging when one takes .into consideration the diversity of uscr rcquirements
apparent in most social media services. Different paradigms would require considering different
techniques and dimensions which may include user feedback, reputation, reliability, accuracy,
objectivity, the amount of data and many others [19, 20, 22] . i e Detecting quality in a forum
may be different from a question and answer environment. In this project, we however

concentrate on weblogs.

[25] Proposed a model that was able to classify weblog articles into two categories namely,
informative and alfective weblog articles. Informative articles have content similar to news
websites, provide technical descriptions (e.g. programming techniques), common sense
knowledge and/or present objective comments about events in the world. Adversely, affective
articles comprise of content similar to personal diaries and can contain information relating to the

weblog author's feelings and emotions on certain subjects.

In the real world, when we are faced with a situation where a decision is to be made regarding
the trustworthiness of a person or a social object, we assess it based on numerous factors
including the past, present and perceived qualities. The same intuition is applied here. We can
derive numerous suitable features about the content (primary target of trust) depicting reputation

(past), performance (present) and appeafance (perceived) from the external characteristics of the



content as well as the associated metadata (secondary targets of trust). These features can

together help predict the trustworthiness of content.

In this project, one of the dimensions we will explore is the reputation of the creator (user). This
will be achieved by analyzing his/her past actions on the social media portal such as content
creation or consumption, responses to content (this would mean considering the number or likes
or re-tweets), generic interactions with others, functions such as social networking and other
activities on the site. Platforms like Faccbook keep a user activity log which is public and can be

accessed on the timeline with permission.

We will also take into consideration the user’s status. By this, we will explore the user’s
personality, status and identity and by so doing, we will consider the contcxt in which the
opinion is made and match it against the status, level of competence (if available) and expertise
of the user in question. Surely a known president should be ranked hi gher on issues of the nation
that a known computer science student. In a similar vein, outwardly visible characteristics of
content, such as style, size and structure, may also prove useful in judging its quality. For
example, the length of a blog post or article could indicate the seriousness of the author or the
comprehensiveness of the article and the structure and language of the content could indicate its

quality.

2.2 Research methodology

This project is not developed for a specific stakeholder. However, it would be wise to mention
that not one particular method was cmploycd but a combination of a few other inethods. Through
extended review of literature written on previous systems similar to respective components make
up our system, we gaincd an insight on what works better and what does not. The process of
experimentation proved to be the most useful in this project, by experimenting on different
platforms and pieces of technologies, we were able to make informed discussion. With the
evolution of social media, it does not escape our notice that user s from different parts of the
globe have adopted certain messaging patterns which may be considered to be the web de facto

standard. Hence, to achieve our primary objective and gain a better understanding of the

10



patterns, we employed ethnology as a research methodology with respect to their (users)

interaction on media platforms.

2.3 Review on several software development methodology

2.3.1 The waterfall model

The waterfall model, one of the oldest paradigms for software engineering is sometimes called
the classic life cycle. It suggests a systematic sequential approach to software development that
begins with customer specification of requirements and progresses through planning, modeling,

construction and deployment, culminating in on-going support of the completed software.

Requirements

Acceptance

Figure 2.1: Waterfall Model

11



2.3.2 Incremental model
The incremental model combines the elements of the waterfall model applied in an iterative
fashion. This model delivers a series of releases called increments that provide progressively

more functionality for the customer as each increment is delivered.

Build 1 _
o Desim& > Testing | | Implementation
Development et I :
Build 2 :
Requirements Design & N Testing : lementation
Build NV
Design & H Testing 1 Implementation
Development

Figure 2.2: Incremental Model

2.3.3 Evolutionary model
Evolutionary models producc an increasingly more complete version of the software with each

iteration. The types of models found here include:

- Prototyping: a customer defines a set of general objectives for software, but does not

identify detailed input, processing or output requirements.

. Proto Typing ’w\\
Initial Design Custower Customer
Ragnivemonts Evaluation | :
\ Roview & /
Updatien
Maintain Test " Development

E S
A

Figure 2.3: Prototyping Model
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- The spiral model: couples the iterative nature of prototyping with controlled and

systematic aspects of the waterfall model.

Figure 2.4: Spiral Model

- The concurrent development model: represented as a series of framework activities,

software engineering actions and tasks, and their states.

2.4 Review of current systems

Considering the aims and objective of this project with regards to the problem statement, there is
no currently running system to the best of our knowledge. Social media data still remains unused
and unstructured. There are only a few components that stand alone and hence do not achieve

what we propose.

13



2.5 Review of similar systems

There may be no currently installed or running systems as stated above. However, that does not
imply that there are no similar works in progress. Research in the area of opinion mining using
natural language processing is active. A similar system implemented is the social media
marketing insight extractor. The research targeted twitter as the platform of choice .This was
however designed as a desktop system supporting a single user. In this project, we attempt to

implement a web application with the ability to support multiple clients.

14



3.0 REQUIREMENT ANALYSIS

3.1 Software development methodology

From the evolutionary models, awareness is raised that software first versions normally lead to
the need of redoing the application, or sc;me of the modules. So the first version of the software
is a trial of the software that will then be confronted with the input and the revision of
requirements from the users. Then the real development begins with the more solid foundations
that were provided during the use of the software. The first version is also called the thrown
away prototype. This method is also often called prototyping. It advocates the principle of
evolution by operational experience. The model may be confused with the code and fix or ad-hoc
methodology, but the discipline of the method is provided by the method to obtain the software.
It can be used as an iterative process or linear one but through each prototype. It’s theme word is
“do it twice” and it was stated by its developer Tom Gilb [27]. The process of requirements
analysis is then mixed with the development itself, when the requirements are refined and
obtained from the use of the prototypes. Also maintenance and changes are almost dissimulated

during the development as the developmerit is being done during those tasks.

There are three main moments in the evolutionary model (without the discipline of the method
chosen for the development) and these are:

1. Deliver a prototype for the user to experiment;

2. Measure the input of the user and the operational value of the software (in all critical aspects -
and qualities)

3. Adjust both dcsign and goals according to the input taken from the real usc of the software.

3.2 Surveys and its results

The Prototyping Model was developed on ‘the assumption that it is often difficult to know all of
your requirements at the beginning of a project. Typically, users know many of the objectives
that they wish to address with a system, but they do not know all the nuances of the data, nor do
they know the details of the system features and capabilities. The Prototyping Model allows for
15



these conditions, and offers a development approach that yields results without first requiring all
information up-front.

When using the Prototyping Model, the developer builds a simplified version of the proposed
system and presents it to the customer for consideration as part of the development process. The
cﬁstomer in turn provides feedback to the developer, who goes back to refine the system
requirements to incorporate the additional information. Oﬁeﬁ, the prototype code is thrown away

and entirely new programs are developed once requirements are identified.
There are a few different approaches that may be followed when using the prototyping model:

- Creation of the major user interfaces without any substantive coding in the background in
order to give the users a "feel" for what the system will look like,

- Development of an abbreviated version of the system that performs a limited subset of
functions; development of a paper system (depicting proposed screens, reports,
relationships etc.), or

- Use of"an existing system or system components to demonstrate some functions that will

be included in the developed system.
Prototyping is comprised of the tollowing steps:

1. Requirements Deﬁnition/Collection. Similar to the Conceptualization phase of
the Waterfall Model, but not as comprehensive. The information collected is usually
limited to a subset of the complete system requirements.

2. Design. Once the initial layer of requirements information is collected, or new
information is gathered, it is rapidly integrated into a new or existing design so that it
may be folded into the prototype.

3. Protot};pe Creation/Modification. The information from the design is rapidly rolled into a
prototype. This may mean the creation/modification of paper information, new coding, or
modifications to existing coding.

4. Assessment. The prototype is presented to the customer for review. Comments and

suggestions are collected from the customer.

16



5.

Prototype Refinement. Information collected from the customer is digested and the
prototype is refined. The developer revises the prototype to make it more effective and
efficient.

System Implementation. In most cases, the system is rewritten once requirements are
understood. Sometimes, the Iterative process eventually produces a working system that

can be the cornerstone for the fully functional system.

Criticisms of the Prototyping Model generally fall into the following categories:

1.

Prototyping can lead to false expectations. Prototyping often creates a situation where the
customer mistakenly believes that the system is "finished" when in fact it is not. More
specifically, when using the Prototyping Model, the pre-implementation versions of a
system are really nothing more than one-dimensional structures. The necessary, behind-
the-scenes work such as database nbrmalization, documentation, testing, and reviews for
efficiency have not been done. Thus the necessary underpinnings for the system are not
in place.

Prototyping can lead to poorly designed systems. Because the primary goal of
Prototyping is rapid development, the design of the system can sometimes suffer because
the system is built in a series of "layers" without a global consideration of the integration
of all other components. While initial software development is often built to be a

"throwaway" attempting to retroactively produce a solid system design can sometimes be

problematic.
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3.3 System gbals analysis

To help us better present our system goals, we have employed the use a top-down hierarchy view

of the project functionalities. We extract of goals from the given block diagram below.

Figure 3.1: Goal Analysis Model

From the figure above (Fig 3. 1), the block diagram illustratiohs the goal analysis model of this
project. High-level goals are broken down to sub-levels as you go down the hierarchy. Given the
trend, you rcalize how high-level goals are achieved. Some goals are functional (.e.g. Make Web
Spider), while some are non-functional (e.g. Good Accuracy). It is from the goals presented

above, that we elicit our system requirements from.
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3.4 System functionalities

A functional requirement defines a function of a system or its component. A function is

described as a set of inputs, the behavior, and outputs. Functional requirements may be
calculations, technical details, data manipulation and processing and other specific functionality
that define what a system is supposed to accomplish. [28] Behavioral requirements describing all
the cases where the system uses the functional requirements are captured in use cases. Functional
requirements are supported by non-functional requirements (also known as quality
requirements), which impose constraints on the design or implementation such as performance
requirements, security, or reliability. Generally, functional requirements are expressed in the
form "system must do <requirement>", while non-functional req uirerﬁents are "system shall he

<requirement>".

.

3.4.1 System functional requirements analysis

Section 3.3 of this chapter shows a goal analysis model; from there we can extract Functional
requirements. This section shows the project requirements in tabular format. In each table,

requirements, their description and the goals they are derived from are shown.

e
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Table 3-22 save outut

3.4.2 System non-functional requirements analysis

Non-Functional Requirements are derived from the goals given in section 3.1 of this chapter.

This section shows the project requirements in tabular format. In each table, requirements, their
description and the goals they are derived from are shown.
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l'able 3-26 par:

allelism

Table 3-27 User login

3.4 Development tools and software

In this section, we present the software development tools and libraries that were used in the
project. The main language of implemen'tation used is java and to extend the system applications

hosted on the server we used Servlets. In order to present a dynamic and interactive interface on
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the web, the Java Server Pages (JSP) technology is employed. The following are some of the

many software tools and libraries used.

1.

9.

10.

NetBeans IDE: An integrated development enviromrient or interactive development
environment is a software application that provides comprehensive facilities to computer
programmers for software development.

(POS Tagger) : A Part-Of-Speech Tagger is a piece of software that reads text in some
language and assigns parts of speech to each word (and other token), such as noun, verb,
adjective, etc. .

Streaming API: Provides streams of the public data flowing through Twitter for data
mining.

MySql:

. Language tool: is open Source proofteading software for English, French, German,

Polish, and more than 20 other languages. .

Libsvm: open source machine ledrning library used for classification.

Stanford parse: this is a natural language parser library that works out the grammatical
structure of sentences. ‘

Lingpipe: this is tool kit for processing text using computational linguistics; it can
identify place, location or people.

Commons-lang: a library that provides extra helper utilizes for the java.lang API
Jsoup: this is a Java library for working with real-world HTML. It provides a very

convenient AP for extracting and manipulating data, using the best of DOM, CSS, and

jquery-like methods.
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4.0 SYSTEM DESIGN

4.1 Explanation of the proposed

In this section, we explain the proposed system by using a context diagram. It defines the
boundary between the system, or part of a system, and its environment, showing the entities that

interact with it. This diagram is a high level view of a system.

: RM«CBM
T?:f:t&:l}er *1 Iutelligence Extractor z bl
Remot: .eCﬁut

Figure 4.1: Context Model

The crawler in the above diagram provides raw (unprocessed) tweets; this is achieved by using
the web API that Twitter provides. Remote clients request for their datasets of interest and
receive JSON objects; these are then presented to the user in a well formatted manner by the

client side intelligence.
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4.2 Software level Architectural Design

Client-side intelligence
(Presentation)

Storage

Figure 4.2: Large-scale System Architecture

Thc; system is separated into three distinctive layers. The top layer is the presentation layer
cbn’taining client intelligence. It is responsible for handling user — system interactions. This layer
allows the user to download data from Twitter by specifying the product name. The presentation
layer is also responsible for invoking the whole system operational procedures. When the

syStem extracts product features and user opinion inforrhatioh, it responds to the presentation
layer by sending a JSON object contain all the"pmcessed information. The presentation layer is
then for formatting and displaying of the results to the remote user. It goes without mention that
the presentation layer heavily relies on the Model layer as shown in the diagram above. The .
Model layer implements social media extraction logic. It is responsible for downloading the data
from Twitter and processing it into Standard English. It further extracts product features from the

data together with user opinions. It saves the data and the extraction output in the Storage layer.
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4.3 Modular design of the System functions

e e LML Commmmarsly Edon Frot e oo sial k]
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Figure 4.3: System Package Diagram '

Thé system has the following sub-system;
1) Presentation (Web pages)

The presentation module is responsible for handling user-system interactions. It provides a GUI
nterface for the remote user to interact with the system. It allows the user to download the
M'witter data change system settings and extract product features and user opinions from the
lownloaded tweets. It is also responsible for displaying the system output. This sub-system

elongs to the presentation layer shown in the F igure 4.2 above. It implements the following
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| requirements; Requirementsl, 2and 3 gi\/en in ‘Table 3-19 feature ranking’. Requirements 1, 2,
3, and 4 given in ‘Table 3-20 user ranking’. Requirements 1 and 2 given in ‘Table 3-21 message

ranking’ and Requirementsl, 2, 3, 5 and 6 given in ‘Table 3-24 easy to use’.

2) Data Collection

The data collection module is responsible for downloading tweets from Twitter. This sub- -system
belongs to the model layer shown in the Figure 4-2 above. It implements the following
requlrements, Requirements 1, and 2 given in ‘Table 3-1 web spider’. Requirements 1, 2 and 3

~given in ‘Table 3-2 languagc filtering’ and Requirement 1 given in ‘Table 3-26 parallelism’.
3) Insights Extractor

This Sub-sy‘stem is at the core of the entire system. It is responsible for coordinating the system
processes. It gets tweets from the storage sub-system, calls the Data Preprocessing sub-system to
transform informal data into formal data. It then POS tag nouns and adjectives from the tweets
~ and calls the Tweet Sentiment classifier sub-system to start classifying them. It then calls the
Feature Finder sub-system to extract features from the tweets. Finally it calls the Polarity
Discovery sub-system to mine user opinions around the extracted product features and saves the
output in the database via the Storage sub-system. This sub-system belongs to the model layer
shown in the Figure 4-2 above. It implements the following requirements; Requirement 1 given
~ in “Table 3-11 product feature extraction’, Requirement 1 given in ‘Table 3-14 positive and
negative opinions’, Requirement 4 given in ‘Table 3-24 easy to use’. Requirement 1 given in

‘Table 3-25 processing time’ and Requirement 3 given in ‘Table 3-26 parallelism’.
4) Data Preprocessing

‘Data Preprocessing is responsible for transforming informal tweets into formal ones. It corrects

‘ grémmatical and Spelling'mistakes in tweets. It also removes meaningless words e.g. web URLS.
This sub-system belongs to the model la)’rer shown in the Figure 4-2 above. It implements the
following requirements; Requirements 2 and 3 given in ‘Table 3-3 slang words’. Requirements
2,3,4 and 5 given in ‘Table 3-4 spelling and grammar error’. Requirements 1 and 2 given in

‘Table 3-6 Twitter usernames’. Requirements 1 and 2 given in ‘Table 3-7 Twitter URLS’.
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‘Table 3-8 Twitter emoticons’. Requirements 1 and 2 given in
‘Table 3-10 repeated characters’.

Requirements 1, 2 and 3 given in

“Table 3-9 Twitter hash tag’ and Requirements 1 and 2 given in

5) Feature Finder

This sub-system is fesponsible for extracting product features from twitter messages (tweets). It
also does feature pruning to get rid of irrelevant features, It employs two techniques to extract
features; Team frequency technique and Meronym patterns. This sub-system belongs to the
model layer shown in the F igure 4-2 above. It implements the following requirements;
Requirement 1,2 and 3 given in ‘Table 3-5 fuzzy matching’. Requirements 2 and 3 given in
‘Table 3-11 product featurc cxtracfion’. Requirements 1 and 2 given in ‘Table 3-12 product
feature pruning’. Requirement 1 given in ‘Tabje 3-23 accuracy’ and requirement 2 given in
‘Table 3-26 parallelism’.

6) Tweet Sentiment Classifier

This module is responsible for classifying an entire tweet into positive, negative and neutral
classes. It trains on some given data and saves the trained classiﬁer..This sub-system belongs to
the model layer shown in the Figure 4-2 above. It implements the following requirements;
Requirements 1 and 3 given in ‘Table 3-6 Twitter username?’. Requirements 1 and 3 given in
‘Table 3-7 Twitter URLs’. Requirements 1, 2,3 and 5 given in ‘Table 3-8 Twitter emoticons’.

* Re'quirements 1 and 2 given in “Table 3-9 Twitter hash tag’. Requirements 1 and 3 given in
‘Table 3-10 repeated characters’. Requirements 1, 2,3,4,5,6,7 and 8 given in ‘Table 3-15

Tweet classifier’ and Requirement 3 given in ‘Table 3-23 accuracy’.
7) Opinion Discovery

This module is responsible for customer opinion mining. It discovers opinions expressed by
users on product features. It is also responsible for generating the Product feature — opinion
summarized report. This report is the system output which gives for. each product, the number of
positive, negative and neutral tweets. This sub-system belongs to the model layer shown in the
Figure 4.2 above. It implements the following requirements; Requirement 1 given in ‘Table 3-13
neutral opinions’, Requirement 2 given in ‘Table 3-14 positive and negative opinion’. |

Requirements 1 and 2 given in ‘Table 3-17 expand a lexicon’. Requirements 1 and 2 given in
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“Table 3-18 product feature — opinion summary report’. Requirement 2 given in ‘Table 3-23

accuracy’ and requirement 4 given in ‘Table 3-26 parallelism’.
8) Storage

Storage is responsible for storing downloaded tweets and the system output (Product feature —
opinion summarized report). This sub-system belongs to the Storage layer shown in the Figure 4-
2 above. It 1mplements the followmg requirements; requlrement 3 given in ‘Table 3-1 web

spider’ and requirement 1 given in ‘Table 3-22 save output’.

4.4 System structure Data Flow Diagrams and Entity Relation Diagram

Under this segment, we present the database design using entity relation models and the actual

appearance of the populated database tables.
4.4.1 Entity Relation Diagram (ERD)

The information about this dataset is stored in the dataset table. processedtweets table holds the
tweets that have been processed by the system through the Data Preprocessing sub-system given
in Figure 4-3. feature table holds the product features extracted by the system. F igure 4-6 below
shows the important entities, relationships, and attributes in the domain. rawtweets table holds
the tweets dataset that is downloaded from Twitter Every time the system runs, it maintains the
history of the extraction. The history data is kept in the history table. The relationship between
the‘ extracted features, user opinion and the tweets is kept in tweetswithfeatures table. The
relationship between the features and tweets is a many to many relationship. A user may have

multiple datasets to his name as shown in the diagram below.
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(11)
2 creatorNam e VARCHAR{S0)
< creatorScreeniam e VARCHAR{S0)

user_ld M(ll

? datasetiD INT(11) < creatorl ocation VARCHAR({S0)
2 firstname VARCHAR(45) <¥name VARCHAR({50} < followersCount INT{11)
lastname VARCHAR(4S) d < startDate DATETIME MO —'-e‘__ — 1 < followeesCount INT(LD)
> email VARCHAR(90) AR
7 password VARCHAR{256) ::::;T::JMM(SD)
< retwestedCount INT{11)

1w profilelm age BLOB

¥ featurelD INT{11)

name VARCHAR(50)
<estar INT(11)
| @historylD INT(11)

9 dataSet INT(11)

Figure 4.4: Entity relation diagram

4.4.2 Physical Model Design

The physical database design shows how the entity relation model (conceptual model) given

- above is physically implemented as base relations/tables in the MySQL DBMS. InnoDB was
chosen as the storage engine because it p'rovides the standard ACID

compliant transaction features, along with foreign key support which is important for specifying
constraints on the data. Because Twitter messages can be written in many languages, UTF8 Char

set was chosen for holding textual data.

1) Dataset table

In the table below, we present dataset table. It contains twelve rows of sample data.

39



_ | dutazatiD name stad Dale erdDale user_id

y |1 iPhone 5 20130204 07:07:28 2013-02-08 18:00:10 1
2 Windows 8 2013-05-09 00:30:26 20130513 09:40:11 2
3 miley cyrus  2014-02-05 13:14:58 2014-02-05 13:18:58 3
4 miley cyrus  2014-02:05 13:19:16 2014-0205 13:23:44 3
8 goal 2014-06-16 14:26:09 2014-06-16 15:28:09 1
10 nigeia 20140619 18:36:04 2014-06-19 18:36:58 1
11 get 201406-19 19:39:59 20140619 19:42:41 2
13 brazi 2014-06-20 10:41:36. 2014-06-20 104230 2
14 brazi 2014 20140620 12:04:13 2014-06-20 12:09:35 3
15 gemany  201407:21 230629 201407:21 231807 1
16 starwars  201407:21 23:29:55 201407-21233823 1
23 apple 20140722 00:18:21 201407-2200:31:06 1

Table 4.1: Dataset Table
2) Iistory table

Given below is the history table. It contains nine rows of samplc data.

historylD  dateCreated  timeCreated tmeTaken = dataSet
p |1 20130527 09.15.42 3&612‘716695666664 1

2 N305-77 10:07:41 LS e

3 2014-07-24 00:28:47 26473333333332335 23

4 2014-07-24 141755 4.559866666666666 i‘ib{: L

5 2014 07-24 14:22:54 0.29118333333333335 10

6 20140724 150351 13.1142 rey

7 2014-07-25 14:47:42 0.3806333333333333 25

8 040803 21058 08 e Mg

9 2014-08-04 15:39:32 14 B87066665656666 35

Table 4.2: History Table

- The table above has one constraint on dataSet field. This column is a foreign key to the datasetID
field in dataset table given in “Table 4-1 dataset table”. This saves to link the dataset and history
tables.
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3) Rawtweets table

.| @  creatorName  creatorScreenName  creatorLocation folowersCourt foloweesCount  message
» {1 TomCoetele  TM,_Costclo Dundee, Scotland 17 18 @hardgrait Finaly received my [Phone 5 casel
2 Zeling ZelingPotter 226 237 Need somebody with iPhane 5 chargerin scho
3 TechXpert Digixp in front of my mac 275 206 iPhone. 5 Jailbreak Tool To Be Released Tomo
_|% . Brdicformation  Hirdintomation ’ 564 522 - RT @iaindownic: Afew poople reporting @B
5  GeskyGadgets GeekyGadgets 3411 267 iPhone 5 Jailbreak Coming Todayl'im./ﬁ ok
|8 DodeDBat  TheGeskiyRepot on a gpaceship near Satum 043 1807  GEEKS-R-USiPhone 5 Jaibreak Coming Tods
7 Neil Bent COriginalDuffer iPhone: 53.804055 -1 487538 L1} St waitmg for iPhone 51Eﬂ:rreak
8 JohnMorgan  IPhonesAppMgr Baton Rouge, LA 625 1028 Wsnmsmswﬁﬂww%
9 lauren gale. iaurengale _ Thatcham 1463 1610 RT @nwopecfm ag v !hobackdﬂuc
10 JilCarter Beauty  joaiterbeacty ' AT 36 g .
M1 Pakisds oakiads 1065 0 ﬁrmdmwiodtedﬁoololﬁam 64GB -

Table 4.3: Rawtweets Table

Given above is the rawtweets table. It contains eleven rows of samplc data. 'T'he table ahove has
one constraint on dataSet field. This column is a foreign key to the datasetID field in dataset

table given in “Table 41 | dataset table”. This saves to link the rawtweets and dataset tables.

4) Features table

Below is a features table. It contains two rows of sample data.

| featureld  name star

case 3
Jailbreak 3
05 3
BLACK 3
iPad 3

Pack 3
Jaibrezk 105 3

juice Pack s

Maphie juice Pack 3

White 3

juice Pack Helium 3

Crystal 3

W om oM@ o e W N =

wh
L]

—_—
ol

ik
)

Table 4.4: Features Table
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The table above has one constraint on historyID field. This column is a foreign key to the
historyID field in history table given in “Table 4-2 history table”. This saves to link the features

and history tables.

5) Processedtweets table

Given below is the processedtweets table. It contains ten rows of sample data.

} tweetlD message ;
» 38125 Finally received my iPhone5 case! Thanks! Now 1'Ve just got to use it as much as the last one, case

8126 Nesd somebody with iPhone5 chargerin school to save the phone. . chageschod
38127 IPhoneb Jailbreak Tool To Be Released Tomomow Jaibreak Tool

138128 Afewpeophmpoﬁhgwpkaﬁonmi?hmeﬁmmwom.mw : !amedwd!y“ss\%r o ' icationOP ENreplyWor
38129 1Phones Jailbreak Cominig Today Jailbreak )
39130 GEEKSRUS! IPhones5 Jaibreak Coming Today: i looks ks the iPhones Jaibreak wil be reessed some timetod .. GEEKSRUS JaibrsakJaibreaidod

38131 sl waiting for iPhoneS Jaibreak. : Jaibreak
38132 Dropped iPhone5 Into Septic Tank Today Septic
38133 Big up the back of the cariPhone5 crew! Bigbackcarcrew
38134 'ﬂiashoddbeaho&memwswapwi%efmgomymi%eﬁ . iy bouc i : " ﬂﬂ!

Table 4.5: Processedtweets Table

The table above has one constraint on historyID field and one on the rawTweetID field(not
shown due to space). These columns are foreign key to the historyID field in history table given
in “Table 4-2 history table” and id (ield in the rawtweets table given in “I'able 4-3 rawtweets
table” respecti;/ely. These saves to link the processedtweets table to the history table and

rawtweets table respectively.

6) Tweetswithfeatures table

Below is a tweetswithfeatures table. It contains thirteen rows of sample data.
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tweetlD  featurelD  poladty
p i1 1 4
2 % i
2 105 K
3 - G
3 07 A
13 109 A
3 125 1
4 115 o
4 228 0
5 2 3
6 - 2 1
3 107 L
6 109 1

Table 4.6: Tweetswithfeatures Table

The table above has one constraint on featurelD field and one on the tweetID field. These

columns are foreign key to the featureID field in features table given in “Table 4-4 feature table”

and id field in the rawtweets table given in “Table 4-3 rawtweets table” respectively. These saves

to link the tweetswithfeatures table to the features table and rawtweets table respectively. It holds

the many-to-many relationship that exists between the features and the tweet. A feature can

| belong to many tweets and one tweet can contain more than one feature.

7) Users table *
Below is a user table. It contains two rows of sample data.

] user_id firstname lastname email password _phone
y 11 John Doe jdoe@mail com pass ‘
2 Victor Chulu vchuu@gmalcom pass 26097272201

Table 4.7: Users Table

The users in the table are uniquely identified using the user_id. For each user, we store the

attributes shown in the above table.
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4.5 User Interface Design

This section shows the user interfacc design. 'This will be the intertace that a remote user will

user to interact with the system. We will use Cascading Style Sheet 3 (CSS3), AJAX and
JAVASCRIPT to design the interface. 80% of the GUI will be in white and light grey strips.

The progressive bars will be in green stripes and the over progressive bar in red.

The design of the user interface is motivated by the system requirements. Requirement 3 in

‘Table 3-24 easy to use’, states that the system must display product features, their opinion

~ information and tweets that contain them simultaneously to make comparisons easier. To fulfill

this requirement, the system intcrface is logically alienated into sections that make it easy o

understand as shown in Figure 4-8 below.
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Figure 4.7: Product feature — opinion summarized repot screen shot

The product name appears in the top right corner. Just below the product or dataset name is the

polarlty distribution of the tweets in a glven dataset. There are three states namely positive,

negative and neutral. Agamst each of them is a number indicating the number of tweets in that

category. At the bottom of the pages is a collection of features extracted from a dataset. Tweets

are organized and displayed according to their polarity.
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Requirement L in Table 3-24 easy to use’, sfates that the user must be able to run the product
features extraction in less than 3 mouse clicks. To fulfill this requirement, the extraction GUI
window is divided into two columns. At the right end of the top bar, are clickable links (Home,
History, Datasets, Sign Out). The system takes time to extract the products and process opinion
mining; hence to keep the user informed concerning the progress, the system shows the progress
to the user. The extraction alert window has multiple sub-process progress bars as shown below.

The sub-progressive bars are in green and the overall bar is in red and at the bottom.

SOMIE..PROCESSING

Fingheig eeid Replacing ruzzy Woriss....

T m—

Binding Featute Poiarins, .

Firadiving.....

10500 16 NG

- Figure 4.8: Extraction Graphical Interface

4‘.6 System interface design

The system interacts with two different systems namely; Twilter Microblogging system and
“MySQL database. The system boundary is defined such that the system is modular (the system

acts more or less as an independent unit).
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1) Twitter Microblogging system Interface
To interact with Twitter on the internet, the system makes web API calls that Twitter

implements. To make the calls, the system uses only one class called TwitterStreamer class

shown in Figure 4-4 above. This ensures that any changes made by Twitter will only affect one

class.in the system.

2) Database Interface
To interact with the database, the system uses only one class called DatabaseA ccessObject

shown in Figure 4-4 above. All calls to the database are made via the Database Access object.

This makes it easy to replace the database with another database if need be. The interfaces to

other systems are designed so that the impact of change is reduced.
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5.0 SYSTEM IMPLEMENTATION

This chapter gives a detailed description of the development of the system and how each sub-

system of a system is designed to perform its functions. It furthermore incorporates screenshots

of a developed system
5.1 Technical details of the developed system and screen shots

3.1.1 Data Collection Module

Twitter implements a web streaming API that can be called to get its data. By using this, the data
collection module is responsible for downloading data from Twitter. To achieve this, the
application needs to register to Twitter by getting a Consumer key. Using this key, it can make
calls on the API and receive the data. But the data received from the streaming API is in
diffcrent languages. In this project, we are only interested in tweets written in English. To

achieve this function, the Data collectlon module implements four classes shown

in Figure 5-1 below.

1) TwitterStreamer Class

This class establishes a data channel with Twitter; it connects to Twitter web APT and downloads
tweets. To achieve this, this class constantly listens from the data channel and when the data is
available in the channel, it downloads the Twitter message (tWeet) This class also connects to
the GUI of the system. As the data comes in, it displays every tweet on the screen including the
1mage of the author. It also keeps a counter which notifies the user of how many tweets have

been downloaded. The Figure below is a screen shot showmg a live download session.
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Figure 5.2: Live download Session of Tweets

2) Dataset Class

Every data collected fromi Twitter has some Meta information that needs to be saved.
Information like, dataset name which is specified by the user, the time the dataset started

downloading and the time the system finished downloading. This information is kept in the

Dataset class.

3) RawTweet Class

When the TwitterStreamer class downloads the tweet from Twitter, it creates a RawTweet Object
to hold information of the downloaded message. This information downloaded includes; Creator
name, creator Screen name, location of the creator, creator follower count, creator followee
count, the actual tweet message, message data created, message repost count and creator profile
[mage. For each message downloaded, a separate RawTweet object is created. RawTweet object
uns as a thread. This class detects the language of the message. If the message is written in

“nglish, the message is saved otherwise it is discarded and hence not saved. -
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4) TwitterLanguageFilter Class

This class is called by the RawTweet class to detect the language in which a given message is
written. Detecting the language of a Twitter message is not easy because a message can contain
one word or many words. European languages use a similar alphabetical order with some small

differences. So if a message contains only one word, it is difficult to detect its language.

To perform this function, this class uses the English dictionary to count how many English words
and many non- English words are in a message. If English words equals or is morc than non-
English words, a message is accepted as written in English otherwise it is discarded. Because
nﬁessages from Twitter are informal and confains a lot of spelling errors, this class first
transforms an informal message into a formal one before detécting the language. The
transformation includes correcting the spellings, correcting the grarhmar, removing URLs,

removing emoticons and removing usernames. This technique used proved highly effected in

detecting the language.
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Figure 5.3: Data collection sequence diagram

The Figure above shows the sequence diagram of the Data collection module. When data is
downloaded, it is stored to the database as a dataset. This is accomplished by the storage module
giveﬁ later in this chapter. A request comes from the remote client in the Presentation layer
invoking the TwitterStreamer class to start the data download. TwitterStreamer creates the
Dataset object using the name of the data to download and saves it in the database. It then creates
the TwitterLanguageFilter class and passes it to the RawTweet object. The TwitterStreamer
object will be in a loop downloading the data until the user stops the download. The download is

stopped in the TwitterStreamer via the stopDownload method.
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5.1.2 Opinion Extractor

This module is the core and center of the system. It implements the main system algorithms and

coordinates all supporting system processes. As a coordinator, this module invokes the following

function in a specific order as given so as to achieve system objective and functionalities.

1.
2.

7.

It calls the Storage module to load data from the database

It then calls the Data Preprocessing module to transform informal Twitter
messages into formal ones

It POS tag nouns and adjectives in the messages

It then calls the Tweet Sentiment Classifier module to classify messages in a

separate thread

Tt then calls the Feature Finder module to extract features from the messages

It then calls the Polarity Discovery module to discover user opinions of the
extracted product features

Finally, it calls the Storage module again to store the system output.

To achieve the above itemized functions, this module implements the following classes as shown

in the class diagram Figure 5.4 given on the next page;
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1) Extractor (Opinion Extractor) class ‘
It is responsible for coordinating system processes. It is also responéible for handling

communication between the system model subsystem and the Presentation layer.

2) ProcessedTweet class
The system transforms an informal Twitter message into a formal one by correcting spelling and
grammar and other things. The system also POS tag nouns and adjectives. All th1s information is

stored in this class.

3) Feature class

When the system extracts features from the messages, each feature is stored as a Feature object.
Every Feature object contains the feature name, how many messages are negative about this
Feature, how many messages are positive about the Feature and how many messages are neutral.
It also contains a list of all the messages that contains this Feature. A Feature class has a many-
to-many relationship with ProcessedTweet class. A Feature can belong to many messages and a

message can contain more than one features.
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4) TweetClassifier class
For every message, the InsightsExtractor class creates a TweetClassfier object to classify a
message into either positive or negative ¢lasses. This classification is used in the Polarity

Discovery process. TweetClassifier runs as a thread.

5) TweetsClassifier class
TweetsClassifier holds the trained classifier. It is called by the TweetClassier threads to classify

a message into positive and negative classes.

6) POS'Tagger class

This class is responsible for tagging nouns and adjectives in the tweets. Nouns are used by the

Feature Finder module to extract features. Adjectives are used by the Polarity Discovery module

for opinion mining. It uses the Stanford trained tagger to perform its function.

6) StopWords class

This class contains a list of English stop words. Stop Words are words which do not contain
important significance as far as product feature extraction and opinion mining is concerned.
These words are filtered out from messages because they return vast amount of unnecessary
information. The POSTagger class uses this class to improve its Tagging process. If a tagged

noun or adjective is in a list of stop words, it is discarded.
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Figure 5.5: Opinion Extractor Sequence Diagram

Tigure 5.5 above shows the sequence diagram of the opinion extractor module. The Presentation
layer calls the Extractor class to start the feature extraction and opinion mining processes. The
Extractor creates the ProcessedTweet class and passes it to the Data Preprocessing module for
preprocessing. It then further tags nouns and adjectives in the messages and creates the
TweetClassifier objects to classify the messages. It then calls the Feature Finder module to
extract features. After the features are extracted, it calls the Polarity Discovery module to
discover user opinions on the features. It finally saves the output to the database through the

Storage module and displays the output to the user through the Presentation module.
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3.1.3 Data Preprocessing Module

The following are some of the characteristics of Twitter messages;

1.

II.

III.

Iv.

Grammatical Errors

a. Colloquial style: tweets also feature a colloquial style which can be described as “I
write the way 1 speak”; this includes all the phrasing, swear words, chopped words,

etc which are typical of spoken language. This introduces a lot of grammatical errors.

b. Lack of punctuation marks: in order to save characters, users write tweets without

punctuation marks. This introduces a lot of grammatical errors.
Length: The maximum length of a Twitter message is 140 characters.

Use of tokens: Tweets include special tokens such as @ for user names, # for trending

topics; they also have http links for related content

Repeated letters: Tweets contain very casual language. For example, hungry can be

written as huuuuuungry, or hunnnngry.

Misspéllings: Twitter users post messages from many different media, including their cell

phones. The frequency of misspellings in tweets is much higher than in other domains.

SMS style: Tweets have also adopted the emoticons; abbreviations, slang, etc, which is

typical of SMS. (E.g. smh -> shaking my head, <3 love, etc)

These characteristics make the Twitter messages informal and hard to process. This module is

responsible for transforming an informal Twitter message into a formal one. This process is
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called data preprocessing in this project. To achieve this function, the module has the following

classes as shown in the class diagram of Figure 5.6 below;

1) Preprocessor class

This class removes usernames in messages, removes hash tag (#) symbol in the messages,
removes URLs in the messages, remove the Twitter keyword ‘RT’ from the messages and
remove emoticons from the message. An emoticon is a met-communicative pictorial
representation of a facial expression which in the absence of the prosody serves to draw a

receiver's attention to the tenor or temper of a sender's nominal verbal communication e.g. ©.

2) RepeatedCharacterReplacer class
It detects repeated characters in words and corrects them to the correct number of characters, It

achieves this function by using the English dictionary,

3) EnglisSpellChecker class
This class represents the English dictionary. It corrects spelling crrors and checks if a word is an

English word or not.

4) SlangSpellChecker class

Expands slang words into their actual meaning. Slang is the use of informal words and
expressions that are not considered standard in the speaker's language or dialect but are
considered acéeptable in certain social scttings. Example ‘2b’ means “to be’. To achieve this, it
uses a Slang dictionary which was compiled in this project. The slang dictionary used in this

project is found in Appendix 1.
5) GrammarCorrector class

This class Corrects spellings and grammar errors in the messages. It uses the Language Tools

library to perform its function.
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Figure 5.6: Data Preprocessing Class Diagram

Figure 5.5 below shows the sequencc diagram of the Data Preprocessing module. The
InsightsExtractor class frbm the Insights Extractor module given in section 5.2 of this chapter
calls the Preprocessor class to start the data preprocessing process. The Preprocessor class
removes from thc messages; user names, hash tag symbol, URLs, emoticons and ‘RT’ keyword.
It then calls the RepeatedCharacterReplacer object (o correcl repeated characters in words. The
Preprocessor object then calls the GrammarCorrector class to correct the grammar in the

message. The diagram on the next page shows the details of this process.
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Figure 5.7: Data Preprocessing sequence diagram

5.1.4 Feature Finder Module

Feature finder module as the name suggests, is responsible for extracting product features from

tweets. It employs two techniques; term frequency technique and Meronym patterns. The details

of each technique are explained later in this section. To perform the task of feature extraction,

this module has the following classes shown in the class diagram of Figure 5.8.

1) ProductFeatureGenerator Class

This class is the controller of this sub-system. It coordinates all the classes of the module. Before

extraction begins, this class does fuzzy matching on the data. Fuzzy matching is used to deal

with word variants or misspellings. For example, “jailbreak™ and “jail-break” actually refer to the

same feature. The class first detects all the fuzzy words in the dataset and form fuzzy clusters. A

fuzzy cluster is a group of all fuzzy words in the dataset. After fuzzy clusters are formed, the

class identifies the most popular fuzzy word in each cluster. The third step is to replace all other

fuzzy words in a cluster with the most pc;pular fuzzy word. For example if we have ten

“jailbréak” words and twenty “jail-break” Word. All the occurrences of “jailbreak” are replaced
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with “jail-break” in the dataset. After it replaces fuzzy words in the dataset, it creates the
FrequentFeaturesFinder object which runs as a thread and also creates the

MeronymFeatureFinder object which also runs as a thread.

2) FrequentFeaturesFinder Class

This class finds features using term frequency information. To extract the features, this class

does the following tasks;

- Part-of-Speech Tagging (POS) _
o Each microblog is parsed and noun and noun phrases are extracted.
- Frequent Features Extraction

o This task is concerned with extracting frequent product features in microblogs. To
do this, association rule mining is used to generate frequent phrases in the
microblog dataset. In our project, a frequent phrase is defined as a word or group
‘of words that occur together. So the task here is to génerate these phrases that
occur very frequent in the given microblog dataset.

o Association rule mining generates all association rules in the dataset that have
support and confidence greater than the user specified minimum support and
minimum confidence.

o How do we extract frequent phrases using Association mining? The system uses
the Apriori algorithm on the tagged nouns in the dataset to extract frequent nouns.
The Apriori run in two phases, the first phase is to find frequents itemsets in the
dataset according to the given minimum support and then it generates rules from
the frequent itemsets. In this project, we are only interested in the first phase of
the algorithm. We run the Apriori Algorithm on the dataset to extract frequent
‘nouns that appears with a'minimum support of 0.01 which is 1%. These nouns are
taken by the system as candidate product features. The algorithm can produce
many nouns with different number of words. The default maximum number of
words a feature can contain in our system is 5 but the user can increase and reduce

depending on his needs.

60



Feature Pruning

1.

o Some of the frequent features produced by the Apriori algorithm and not true
features. For example, people on Twitter like using the word ‘ass’ a lot. Apriori
algorithm can detect such a phrase as a feature because it appears many times in
the dataset. Feature pruning is a technique that tries to find such uninteresting
features and remove them as product features.

Compactness pruning: When the Apriori generates frequent features in the dataset, it

can bring phrases that contain nouns that never appear together in the dataset. These

kinds of features in our project are called features which are not compact. In our
system, a feature is compact if the distance between cach word in the feature is 3 or
less. This is just the default. The user can reduce or increase depending on his needs.

These pruning is applicable to product features that has two or more nouns or words.

If a feature has distance between its words 3 or less in at least three tweets, then it is

considered as a compact feature otherwise it is removed from the feature list.

Redundancy pruning: Redundant product features are features that appear as subsets

of other features. For example, ‘phone’ can be seen as a subset feature of ‘phone

charger’ feature. The Apriori algorithm produces some features which are subsets of
other features. We want to avoid including features which are subsets of other
fcafures in our final extracted, feature list. How do we know if a feature is a subset of
another feature or not? In our system, a feature is not a redundant feature if it appears
at least in three tweets alone without any super class feature. What I mean here is; for
example if we have a feature ‘cable’ and in every tweet it appears, a super class
feature like ‘cable charger’ appears also, then ‘cable’ is a redundant feature and we
remove it from the product feature list. But if ‘cable’ feature appears at least in three
tweets alone without any supér class, then ‘cable’ is considered as a product feature.

In our system, all features are tested for redundancy except features with the

maximum number of words as set by the user.

Pruning frequent features using meronym features: features produces by meronym

patterns represents Has- A relatidnship between the product and its features. Hence,

the system assumes that every feature produces b'y the Apriori Algorithm must also
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appear in Meronym pattern features. All the features produced by the Apriori

Algorithm that do not appear in Meronym pattern features are discarded.

To perform all this tasks, this class uses FrequentFeaturePruner and AprioriAlgorithm helper

classes.

3) MeronymFeatureFinder Class

A feature F is a meronym of a product P “if native speakers of English accept sentences
constructed from such as P has F or F is a part of P”. An example is a phone; it has a battery,
case, software and so on. Sentences like a phone has the battery must be accepted by native
speakers of English for battery to be a meronym of phone. The system uses this technique to
extract meronyms of products in the dataset. This meronyms are taken as candidate features. The
patterns used in this system are given below. “P” token matches the product name and “F” token
matches a possible feature. The wildcards star (*) token can be any 1 or 2 words. Each message
is matched with these meronym patterns; if any of these patterns are matched then F is extracted

as a feature. F is only extracted when it is a noun in the sentence.

- Phas(®)F

- Pwith(*)F

- P come(s) with F

- P equipped with F

- P contains(s)(ing) (*) F
- Fon(*)PandFin(*)P
- Ffor(*)P

- P’s(®)F

- Fof(™P

To improve the quality of the features produced by meronym patterns, the system employs the

following techniques;
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1. Using conjunction in meronym patterns: To increase the number of features extracted by
the mefonym pattern, the class uses conjunction words. Every time the “F” is extracted,
this class checks if it is followed or preceded by ‘and’ or ‘or’. If that is the case, the next
word, il it is a noun, the class gle il as a feature also.

2. Meronym feature pruning: features generated by meronym patterns are pruned for
redundancy as explained above when describing the FrequentFeaturesFinder Class. Also
the system gets meronym features that occurs a minimum threshold. The threshold used
in this system is 10. Every meronym feature that appears less than ten times in tweets is

discarded.

To perform all this tasks, this class uses MeronymPatternMatcherand MeronymFeaturePruner
helper classes. Both of the feature extraction methods described at.ove uses nouns in the
microblog messages as features. But in some microblogs, the same features are used as verbs and

pronouns. To overcome this problem, the system uses the following technique;

Product feature expansion: Using the identified fcatures, the system goes in those microblogs
without features and stem words using the- Stemmer class. Stemming is the process for reducing
inflected (or sometimes derived) words to their stem, base or root form—generally a written
word form. Every stemmed word is compared With the generated features. If a word is similar to

any fealure, it is taken as a feature it is similar to.

The InsightsExtractor class from the Insights Extractor module calls the
ProductFeatureGenerator class to start the feature extraction. The ProductFeatureGenerator class
performs this function by calling FrequentFeaturesFinder class and the MeronymFeatureFinder
class. The FrequentFeaturesFinder class calls the AprioriAlgorithm class to generate the frequent
itemsets. The MeronymFeatureFinder class calls MeronyPatternMatcher class to match meronym
patterns in microblog messages. MeronymFeaturePruner class is called to prune meronym

features.
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After the frequent features are produced, ProductFeatureGenerator class calls the

FrequentFeaturesPruner to prune the features.

$03p0 Bo TRy GO R 20 )

Figure 5.9: Feature Finder sequence diagram
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5.1.5 Tweet Sentiment Classifier Module

This module classifies a Twitter message into positive, negative and neutral. This module is used
by the Polarity Discovery module given in section 5.1.6 below to determine the polarity of an

opinion word which is not found in the Lexicon.

The class diagram is given below in Figure 5.10. This module uscs a Weka Naive Bayes
classifier for classification. A naive Bayes classifier is a simple probabilistic classifier based on
applying Bayes' theorem with strong (naive) independence assumptions. A more descriptive term
for the underlying probability model would be "indcpendent featurc model". The classifier is
trained on some classificd data then it can classify unclassified data using the knowledge
acquired during training. Before Naive Bayes was selected, different classification algorithms
were lested, algorithms including SVM, J48, Multilayer Perception, and Voted Perception

algorithms. Naive bayes gave a better accuracy and performance than any other Algorithm.

To classify a Twitter message, the saved trained classifier is retrieved from the disk and loaded
into memory. For each message, it is called to classify it and returns a class label (positive or

negative).

To improve the accuracy of the classifier, this module does the following processing on the

Twitter messages before training and classification.

L. Usernames: Users often include Twitter usernames in their tweets in order to direct their
messages. A de facto standard is to include the @ symbol before the username (e.g.
(@MapusanoNkululusa). An equivalence class token (USERNAME) is replaced on all
words that start with the @ symbol.

1I.  Usage of links: Users very often include links in their tweets. An equivalencc class is
used for all URLS. That is, this module converts a URL like http://tinyurl.com/cvvg9a" to
a token “URL.”

III.  Repeated letters: Tweets contain very casual language. For example, if you search
“hungry” with an arbitrary number of u's in the middle (e.g. Gooooooal,
Soovvoooooorry, Yeeeeeeeeessss) on Twitter, there will most likely be a nonempty result

set. Preprocessing is so that any letter occurring more than two times in a row is replaced
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Iv.

with two occurrences. In the samples above, these words would be converted into the
token goal, sorry and yes respectively.

Twitter users like including emoticons in their messages to express emotions. For
positive emoticons, an equivalence class token (SMILEHAPPY) replaces all positive
emoticons. For negative emoticons, an equivalence class token (SMILESAD) replaces all
negative emoticons. '

Twitter special word RT (which means Retweet) is stripped off from the messages.

Figure 5.10: Tweet Sentiment Classifier class diagram
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Figure 5-11 below shows the sequence diagram of the Tweet Sentiment Classifier module. The
sequence diagram only shows the procedure for classification. It does not show the training
procedure. To classify a tweet, the ClassifierBuilder class retrieves the saved trained classifier. It
then calls the WekaClassifier class to classify a message. The WekaClassifier class calls the

Preprocessor class to process a tweet before classification.

This module is used by the Polarity Discovery module. When the Polarity Discovery Module

finds an opinion word that is not in the Lexicon, it calls this module to classify the entire Twitter

o o, dniiatimin: st ot i i, G e e

Figure 5.11: Tweet Sentiment Classifier sequence diagram
message. The classification of a Twitter message by this module is taken to be the polarity of the

opinion word.
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This module is used by the Polarity Discovery module. When the Polarity Discovery Module
finds an opinion word that is not in the Lexicon, it calls this module to classify the entire Twitter
message. The classification of a Twittcr message by this module is taken to be the polarity of the

opinion word.

S5.1.6 Polarity Discovery Module

This module is responsible for opinion mining. Opinion mining is the process of discovering
‘sentiments uscrs have expressed on product features in the tweets. Figure 5.12 below shows the

class diagram of this module. To perform its task, this module employs the following techniques;

1. The system maintains a lexicon. A lexicon is a list of positive and negative words that
people use to express opinicn in social media. The list of the lexicon is given in Appendix 2 and

Appendix 3.

2. Tt checks for words in the lexicon and adjectives around product featurcs in tweets.
Adjectives are found by POS tagging messages. In this system, the number of words checked is
~threc words on the right side of the feature and three words on the lefl side. The window size is

3.

3 When an adjective or a word in the Iexicon is found nearby the product [ealure, the

system takes it as an opinion word modifying the feature.

4. To discover the polarity of the word, the system checks the word in the lexicon and gets
its polarity. If the word is not in the lexicon, the system uses the Tweet Sentiment Classiﬁer
module given above in section 5.1.5. The Tweet Sentiment Classiﬁér module classifiers a
Twitter message into positive and negative. The polarity the Tweet Sentiment Classifier module

returns, is it assumed to be the polarity of the opinion word

5. If there is a negation word between a feature and the opinion word, the polarity of the
opinion is reversed. The negation words used in this system are; not, however, but, despite,

though, except, although, oddly, aside, wont, doesn’t and cant.
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6. The newly discovered adjectives are saved in the lexicon in the process called lexicon
expansion. This way, a lexicon will be growing as the system runs which consequently improves

the performance of the system

7. In tweets where they are no features, the system assumes that the feature is the product

name itself. Hence opinion mining is done around a product name.

For each product feature, the module counts how many Twitter messages are positive, ncgative
and neutral. An opinion word is judged positive and negative using the Lexicon dictionary. If
there is no adjective word near a feature in a message then the system takes neutral as the
opinion expresscd. This tcchnique works fmé for most of the cases but in some Twilter
wessuges, this lechnique fails to work fine. The Opinion mining algorithm given below takes any
adjective word or word found in the Lexicon near a feature as an opinion word. This technique

has a weakness because some opinion words near features do not modify the features.

The fully dressed opinion mining algorithm is given below. In the pscudo code below, a
statement ends with a semicolon. A comment starts with a double slash. Control statements life

“if” have an “end” tag.

1. Procedure OpiniohMining (adjective_list, seed_list, negation_word_list)

g .

. hepin
3. for each microblog in the dataset;

4. left_side_opinion_word; // Opinion word on the left

side of the feature

5. right_side_opinion_word; // Opinion word on the right

side of the feature
6.  //ldentify the opinion word
7. if( microblog contains a feature)

8. indentify a nearby adjectives and words in the seed_list

according to the
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window size specified by the user both on the left

feature;
9. record the nearest adjective or word in the
in
right_side_opinion_word;
10. record the nearest adjective or word in the .seed_list
left_side_opinion_word;
11. endif;
12, //Judge the polarity of the opinion word
13, if(right_side_opinion_word is not empty and
not
empty )
14 if{(right_side_opinion_word distance from the
| left_side_opinion_word distance from the
15. left_side_opinion_word is taken as the opiaion
16. if(left_side_opihion_word is in seed_list)
17. get the opinion polarity from the Lexicon;
18. else
19. judge its polarity using a Tweet Sentiment
Classifier;
20. add the word in the Extension Lexicon as a
word;
21. end else;
22. check if they is a negation word between the

opinion word.

If yes, change the polarity of the opinion

side and right side of the

seed_list on the right side

on the left side in

left_side_opinion_word is

feature is equal to
feature)

word for the feature;

new opinion

feature and the

word;
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23. else if(right_side_opinion_word distance from the

than
left_side_opinion_word distance from the

24, right_side_opinion_word is taken as the

word for the feature;

25, if{right_side_opinion_word is in seed_list)
26. get the opinion polarity from the

27. else

28. judge its polarity using a Tweet

Sentiment Classifier;

29. add the word in the Extension Lexicon as
word;

30. end else;

3. check if they is a negation word between the
opinion

word, If, change the polarity of the

32. else if(right_side_opinion_word distance from the

than
left_side_opinion_word distance from the

33. left_side_opinion_word is taken as the

word for the feature;

34, if(leﬁ_sxde_opinion_word is in
seed_list)

35. get the opinion polarity from the

36. else

37. judge its polarity using a Tweet

Sentiment Classifier;

feature is greater

feature)

opinion

Lexicon;

anew opinion

feature and the

opinion word;

feature is less

feature)

opinion

Lexicon;
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38. add the word in the Extension Lexicon

opinion word,
39. end else;

40. check if they is a negation word between

feature and the opinion

word. If yes, change the polarity of

word;

41.  else If(right_side_opinion_word is not empty)

42, right_side_opinion_word is taken as the
feature; ‘

43, if(right_side_opinion_word is in seed_list)
44. get the opinion polarity from the.

45, else

46. judge its polarity using a Tweet

Sentiment Classifier;

47. add the word in the Extension Lexicon as

opinion word;
48. end else;

49 check if they is a negation word between the

opinion word.
If yes, change the polarity of the opinion

50. else If(left_side opinion_word is not empty)

51. left_side_opinion_word is taken as the opinion
feature;

52. if(left_side_opinion_word is in seed_list)

53. get the opinion polarity from the’

54. else

as a new

the

the opinion

opinion word for the

Lexicon;

anew

feature and the

word;

word for the

Lexicon;
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55. judge its polarity using a Tweet

Sentiment Classifier;

56. add the word in the Extension Lexicon as a new opinion
word;

57. end else;

58. check if they is a negation word between the feature and the

opinion word.

If yes, change the polarity of the opinion word;
59. else
60. the opinion about this feature is neutral;
61. end for;
62. end

The pseudo code given above is implemented in; FrequentFeatureSiielPolarityFinder,
FrequentFeatureSize2PolarityFinder, FrequentFeatureSize3PolarityFinder,
FrequentFeatureSize4PolarityFinder, FrequentFeatureSize5PolarityFinder,
MeronymFeatureSize 1 PolarityFinder, MeronymFeatureSize2PolarityFinder,
MeronymFeatureSize3PolarityFinder, MeronymFeatureSize4PolarityFinder and

MeronymFeatureSiz

Figure 5.13 below shows the sequence diagram of the Polarity Discovery module. The
InsightsExtractor class from the Extractor module given in section 5.1.2 of this chapter calls the
PolarityFinder class to start the opinion mining. The PolarityFinder class calls
DatasetPolarityFinder, FrequentFeatureSizelPolarityFinder,
FrequentFeatureSize2PolarityFinder, FrequentFeatureSize3PolarityFinder,
FrequentFeatureSize4PolarityFinder, FrequentFeatureSizeSPolérityFinder,

MeronymF eatureSizel PolarityFinder, MeronymFeatureSize2PolarityFinder,
MeronymFeatureSize3PolarityFinder, MeronymFeatureSize4PolarityFinder and

MeronymFeatureSize5PolarityFinder classes to find opinion words in the microblog messages



and judge the polarity. To discover opinion polarity, all these classes uses the Lexicon class.
During system start up, the Lexicon class loads the lexicon into memory. All newly identified

adjectives are added to the Lexicon. To speed up the Opining mining process,

o copvevim il dse]
1

polanty e

, Figure 5.12: Polarity Discovery class diagrarh
FrequentFeatureSize1PolarityFinder, FrequeaneatureS1ze2Polar1tyFmder

FrequentFcatureSize3PolarityFinder, FrequentFeutureSize4PolarityF inder, -
FrequentFeatureS1zc5Polar1tyFmder, MeronymFeatureSizel PolarityFin_der,
McronymFcaturcSize2PolaritylFinder, Meron ychalurcSizeSPolarityFinder,
MeronymFeatureSize4PolarityFinder and MeronymFeatureSizeSPolarityFinder classes are
multithreaded. They run in parallel, each class working on a subset of features and a subset of

Twitter messages. The PolarityFinder class synchronizes these threads.
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Figure 5.13: Polarity Discovery sequence diagram




S.1.7 Storagé Module

This module is responsible for storing the data of the system. It interfaces with MySQL database.
It saves the microblog data download from Twitter and the system product feature extraction. To
perform its function, this module has two classes namely shown in the class diagram of Figure

5.14 below;

1) DatabaseAccesObject class

This class connects to MySQL database. All requests by the system to save data to MySQL
database is passed to this class which do the actual saving. Also any request to get data from

MySQL database passes through this class.

2) ExtfactionOutputSaver class

The system can extract many features fro‘m the downloaded microblog dataset. To save this huge
amount of data in the database means the system needs to stop what is it is doing and loops until
all the data is saved. To avoid this, the system uses this class to save the extraction output to the
database. Consequently, the system performance is increased because the system can continue

doing other things while data is been saved.
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Figure 5.14: Storage class diagram

5.1.8 Presentation Module

:The presentation layer is responsible for handling user interactions. It provides a GUI to the user
to operate the system. All user interactiops are passed to the system logic/model layer. This
module is also responsible for ranking both the product features and the tweets hefore they arc
displayed to the user. This is the layer which is also responsible for user login in and sessions.

The Figure below shows the login sequence diagram.
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Figure 5.15: Login sequence diagram

User passes in their credentials (email and password) and the login module verifies if there is
such a user. if the credentials are valid, the login in module instantiates the insightsExtractor and
starts a session for the user. The user is the presented with a home screen as shown in the Figure
below. Otherwise, they are presented with an error message telling them that the credentials

cntered were invalid.
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A Home == pat

Figure 5.16: User Home Screen

The presentation layer is also responsible for logging out .Given below is the sequence diagram

for logout.

Figure 5.17: Logout Sequence Diagram
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When logged out, the index presents the user with a login in screen. This offers them a chance to
login again if the wish. The Figure below shows the login screen. This is presented the first time

a user visits the site and when the logout.

=R BT Jocalnost B090/ Cpirionhtingr fogin s
R e . .

Sign in to your account

Figure 5.17: Login Screen

The presentation layer presents the user with extraction scttings and after extraction, it presents
results displaying the Product feature — opiﬁibn summarized report. For each feature, it shows
how many messages are positive, negative and neutral about the feature. It also shows the
individual Twitter messages that contain these features. Features are ranked according to
frequency. A feature that appears more in the messages dataset is displayed first than a feature
appearing less. The (weels are ranked based on message sender follower and following counts
and message repost count. Twitter has the fo'llowing-follower model which allows one to follow
and receive new messages from others. The system counts how many follows a user and how
many a user follows and then calculates the follower-followee ratio. A message coming from a
user with a higher ratio, the system makes it appear first than the message coming from a user
with a lower ratio. Also Twitter allows message repost which makes message diffuse faster.

When a user receives a message from another user, he/she can repost it to his followers. The

3
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system counts how many times a message has been reposted. A message with a higher repost
count, the system makes it appear first than a message with a lower count. The detailed ranking

algorithm is given in the appendix. The following diagrams are screen shot from the presentation

layer showing all the above mentioned details.

A Home ®% Datasel

~ Previous Extraction(s)

" Dataset Date Created Time Created Extraction Time (Minutes)

{ ;rm&:;s w;;.;.»u ;mx“z : 33‘,!27!&“%

- e aoteoy as 06.26:43 o )aa-uanswuwx:
nisma | W407.24 1a7ss . Ls3nessneesenes :
nsguu 2A1407-24 : zf;m% . : Qms&asm‘asszﬁas :
 ¢@:¢_» ! 20046228 TAL «imjnammema‘

20180803 ) 22A0:8% e 0304

* Guardians of the Gakexy |

Figure 5.18: History Screen

The history screen shows the dataset that are stored in the system and were extracted previously.
The screen has the date and time when a dataset was created and the time it took to extract
features and processing opinion mining. A user can then choose to load any of the dataset
previously extracted. Figure 5.19 below show how the screen looks like. When loaded, the
system displays the results are shown in ﬁgure 5.20 below. The feature lie at the bottom of the
screen and tweets and opinion mined on these features can be seen by élicking on any feature of
interest. The features are extracted according to the preferred settings presented in Figure 5.21
and while the extraction is in process, the user is kept informed on the progress through the
extraction progressive bars shown in Figure 5.22. The sub-progress bars are in green represent
independent sub process because others run in parallel. The over progress is indicated by the red

~ progress bar at the bottom.
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Figure 5.20: Extraction Results View Screen
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6.0 TESTING AND VERIFICATION

6.1 System tcst method

This System had over forty requirements for this project both function and non-functional. The
system testing was done according to the system design structure. But only selected 3

components to test these include:-

1. DATA COLLECTION: we test the workability of the crawler and the language filter for
the tweets. Making sure that all the tweets in English and with the specified parameter
for streaming actually streamed. |

DATA ANALYSIS: We test the accuracy of the system’s discovery of opinion words

]

that madities product [eatures and opinion word polarity judgment.
3. EASY OF USE: Wc tcst how easy the system is to user. From the user interface usage

and responsiveness.

6.2 Data collection testing

Data collection testing what testing in two phascs, thesc being:

1. Tweet Crawler

2. Tweet Language Filter

1). Tweet Crawler:

The twitter crawler was developed so as to ensure that tweets are streamed from twitter using the
twitter streaming API. The twitter streaming API accepts parameters that enable user to get

tweets based on parameters provided by the twitter APL
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In order to acquire tweets from twitter, one needs to be familiar with the twitter streaming API

and see programming languages that can be used to tap into it. In our case, since we were using

java. Twitter provides a library that can be used to tap into and collect tweets has the come in

through twitter.

Twitter also needs to authenticate a particular user. A system login credentials need to be

obtained from twitter. These include consumer key, secret key, access token and access secret.

These four credentials are obtained after creating an online app from the twitter developcr

website. Table 6.1 below shows crawler testing.

Test case

Scenario

Expected resuit | Result

Status

‘twect

stream/downloader

search fortopic | streamed tweels | Streamed twecets

Successful

Table 6.1: Crawler Tesling

The Figure 6.1 below show a screen shot captured at testing to see if the system is able to

downloads tweets in real time. In the figure below, yelp was what was typed in as the search

keyword/topic. The tweets appcar in a timeline as they are downloaded. To every tweet, the

author’s image is appended as sccn below.
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Figure 6.1: Live Streaming of Tweets

2). Language filter:

The language filter used was not the one that of twitter. Actually twitter has a result portion in the
JSON result that specifies the actually laﬁguag‘e which a particular tweet is in. Apparently this
was not accurate has users that specify English has their language sometimes can post tweets that
may be in another language other than twitter. Therefore we counted the number of English
words in tweet. In the number of words in it exceeded a certain percentage the tweet was

classified as English.
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Test case Scenario Expected result | Result Status
tweet language English tweet Accept English | Accepted Successful
tweet English tweets

Figure 1Table 6.2: Language Filter Testing

6.3 Data analysis testing

On data analysis the system was tested on its abi lity to pick up the features of the topic of interest

and show the sentiments of each featurc the screen shot below shows the surnunary of the result

on the Iphonc 5 data set. The systemn successfully detected features and the actual sentiments

expressed on them.
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Figure 6.2: Data Analysis results
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6.4 Ease of use testing

They system usability was tested from its presentation in terms of graphical user interface

interactivity and user aesthetics, table 6.3 tabulates the testing and results.

Test case

Scenario

Expected result

Result

Status

LOGIN

User

authentication

Prbduce home

page logged in

Produced home

page login in

successful

Table 6.3 Ease of Use Testing

Figure 6.3: Ease of Use testing
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6.5 Aesthetics testing

User aesthetics includes presentation bcauty and case of use; this was accomplished using

various techniques. Most notably onc was in the presentation of the feature cxtraction report. In

the event that the data to display was excessive breadcrumbs where used to enable the user to

navigate through a dataset feature sentiments. Screen show below show that this was successful.
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Figure 6.4: Aesthetics testing

91



7.0 CONCLUSION

With the advent of web 2.0, users have been given the ability to author information and become
active participants in the usage of the web. This is truer in social networks than any other kind of
media. Social networks produce a large amount of data that could provide insight on various
topics of interest. Twitter, a rich source of social data that is a great starting point for social web
mining because of its inhercnt openncss for public consumption, clean and well-documented
API, rich developer tooling, and broad appeal to users from every walk of life. Twitter data is
particularly interesting bécause tweets happen at the “speed of thought” and are available for
consumption as they happen in near real (ime, represent the broadest cross-section of society at
an international level, and are so inherently multifaceted. Tweets and Twitter’s “following”
mechamsm link people in a variety of ways, ranging from short (but often meaningful)
conversational dialogues to interest graphs that connect people and the things that they care

about,

The potential of Twitter's self-organizing, ever-growing pool of data offers direct insight into
trends and interests on both a personal and collective scale, but it has yet to fully capture the
imagination of developers. And, in terms of the value that could come from data mining social

media, ‘L' wilter is just the tip of the iceberg.

Monitoring this data effectively is challénging due to the quantity of data. In this project we
proposed and developed a systcm that autownatically summarizes people’s opinions (twitter
users) on fecatures of various topics. The system is capable of streaming tweets, cleaning the
noisc, determine the featurcs, and mine positive, negative, neutral opinions on the current topic’s

opinions. The system was built with a web interface to enable casy distribution of the service.

Other Achievements
¢ The system is capable of transforming a microblog into a formal English sentence in a
process called data preprocessing.
* Using words like ‘and’ and ‘or’, the system was able to extract more product features

using meronyms.
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 Consideration of negation words (not, but, however, etc) when determining sentiment
polarity improved the system’s performance.

* A tweet sentiment classifier was built which was used to classify an entire tweet when the
adjectives found were not found in the lexicon.

e Features were ranked before dispiaying them to the user.

* Feature pruning was performed on both term frequency, and meronym features.
Redundant features were pruned. |

* Fuzzy matching was performed in order to avoid detecting the same feature as two or

more different ones. (E.g., i4n or iphone, should be detected as the same feature.)

Other than being a proof of concept, this project can be used by businesses, governments, or
individuals to perform market research, check the public’s reaction to policies, and find out what
he world thinks about certain things respectively. The sentiment summarized report can be used

by managers, or policy makers to influence decision making in organizations.

Challenges and Recommendations '
* Insufficient Slang Dictionary — The slang dictionary used in this project was not
| representative of the entire slang used in micro blogs. The dictionary does not take
context into consideration, as slangs might mean different things in different contexts.

e Lexicon — The lexicon does not contain all words that express sentiment, thus, a method
was devised to expand the lexicon. However, the method used was also prone to error
and might cause the system to become less accurate with time.

* Universal Knowledge base — In order for the system to achieve even higher accuracy, it is
essential that is aware of the context/domain. Thus, having knowledge of the world might
prove useful. The knowledge would help in the feature extraction process, especially in
detecting related products in tweets.

* Opinion Mining — The opinion mining algorithm compares adjectives found within three
words of a feature against the lexicon in order to determine the sentiment of that feature.
This method has one major weakness, it assumes that any adjective close to a noun
modifies that noun; this however, is not always the case. Devising a method to determine
relationships between sentiment expressing words and features could greatly improve the

accuracy of the system.
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* Facebook — When we set out to do this project, we intended to mine both Twitter and
Facebook. However, mining Facebook proved to be futile due to its restrictions imposed
on the access token.

¢ Feature Detection Algorithm — The project employed the Apriori algorithm to detect
features in a dataset. The Apriori has exponential run time, using the MaxMiner (linear
order) algorithm instead could significantly reduce the run time of the extraction process.

¢ Sarcasm - a positive or negative sentiment word can switch sentiment if there is sarcasm
in the sentence (e.g. “Sure, I’m happy for my browser to crash right in the middle of my

coursework™).

What Does The Future Hold?

-

Due to its large undiscovered territory, there are so many questions about social media analysis

that remain unanswered.

For instance, can social sentiment media help us predict events? We’ve already seen a few
attempts at this, as it happened with the election of Barack Obama against Mitt Romney. A more
recent example comes from the UK, with an attempt from Tweview to predict the winner of the
2013 X Factor using sentiment, volume, and a lot of other social factors using the ever useful
API from Brandwatch). While they predicted Nicholas McDonald as the winner of 2013 X

Factor, he ended up second, with Sam Bailey winning

Could we perhaps adapt social predictions from social media for other scenarios, such as a viral

campaign, or a PR disaster, or a business restructure or an application update?
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APPENDIX A

The tweet ranking algorithm used in this project is as follows:

1. Procedure TweetRanking()
2. begin
3. follower-followee_ratio_total _count; //holds all the ratios

4. reposts_count, // holds all the tweets repost counts.

5. //phase 1

6. Jor each tweet in the dataset;

7. get followers count;

8. get followees count;

9. subtract followees count from followers c?unt to get the follower-followee

ratio;
10.  get the absolute value of the ratio;
11.  add the ratio to follower-followee_ratio_total_count;
12. add repost count of this tweet 1o reposts_count;
13, end for, |
14. //phase 2
15 fur euch tweet in the dataset;

absolute follower-followee ratio 70 . Tepos N it 30

16. Rank = follower-followee_ratio_total count 100 reposts_count 100

17.  end for;



APPENDIX B

These are some of the word used in the lexicon. Table A-1 shows the positive words and Table

A- 2 shows the negative words. This is just a segment of the positive words used, the rest can be

found on the attached CD or downloaded from

http://www.cs.uic.edu/~liub/FBS/sentimentanalysis.html

admiringly adorable adore adored adorer
adoring adoringly adroit adroitly adulate
adulatory advanced advantage advantageous | advantageously
advantages adventuresome | adventurous advocate advocated
advocates affability affable affably affectation
affection affectionate affinity affirm affirmation
affirmative affluence affluent afford affordable
affordably affordable agile agilely agility
agreeable agreeableness | agreeably all-around alluring
alluringly altruistic altruistically amaze amazed
amazement amazes amazing amazingly ambitious
ambitiously ameliorate amenable amenity amiability
amiably amiable amicability amicable amicably
amity ample amply amuse amusing
amusingly angel angelic apotheosis appeal
appealing applaud appreciable appreciate appreciated
appreciates appreciative appreciatively appropriate approval
approve ardent ardently ardor articulate
aspiration aspirations aspire assurance assurances
assure assuredly assuring astonish astonished
Positive words used in the lexicon

Table A- 1:

99



abnormal abolish abominable abominably abominate
abomination abort aborted aborts abrade
abrasive abrupt abruptly abscond absence
absent-minded | absentee absurd absurdity absurdly
absurdness abuse abused abuses abusive
abysmal abysmally abyss accidental accost
aceursed accusation accusations accuse accuses
accusing accusingly acerbate acerbic acerbically
ache ached aches achy aching
acrid acridly acridness acrimonious | acrimoniously
acrimony | adamant adamantly addict addicted
addicting addicts admonish admonisher admonishingly
admonishment | admonition adulterate adulterated adulteration
adulterer adversarial - adversary 1 adverse adversity
afflict affliction afflictive affront afraid
aggravate aggravating aggravation aggression aggressive
aggressiveness | aggressor aggrieve aggrieved aggravation
aghast agonies agonize agonizing agonizingly
agony aground ail ailing ailment
aimless alarm alarmed alarming alarmingly
alienate alienated alienation | allegation allegations
allege | allergic allergies | allergy aloof
altercation ambiguity ambiguous ambivalence | ambivalent
ambush amiss amputate anarchism anarchism
anarchist anarchistic | anarchy anemic anger
angrily angriness angry anguish animosity
annihilate annihilation annoy annoyance annoyances
annoyed annoying | annoyingly annoys anomalous
anomaly antagonism . | antagonist antagonistic | antagonize
anti- anti-american | anti-israeli anti-us anti-white
antipathy mess messed mire misbehave

Table A- 2: Negative words used in the lexicon
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