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Abstract

The public tends to express their thoughts about particular goods and or services
through popular social media networks such as Twitter and Facebook, while the firms
also use social media to communicate with their consumers. As a result, this beneficial
information can be used to make marketing and business decisions. However, due to
the vast, noisy, and dynamic nature of these information, capturing the true public
opinion has become a key challenge. Sentiment analysis is one of the methods that is
employed to extract positive or negative attitudes from this social media information
and thus, it has drawn the attention of the scholars during last decade. Different scholars
have used a variety of techniques and methods to capture accurate results. Data mining
is one of the recent approaches adopted by them to obtain better results from sentiment
data. Moreover, some scholars have extended their studies to gain more insights from
different topics. Such studies conducted to predict future results, analyze trends, detect
anomalies etc. It can be beneficial for massive industries like footwear to understand
their market through these approaches and streamline their product and service catalogs
to meet the needs of their customers. This research aims to analyze previous studies
conducted on this area, identify their contribution, challenges and limitations, and build
a new comprehensive demand prediction model for footwear industry using data

mining techniques.
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Chapter 1

1. Introduction

1.1 Background of the study

Millions of individuals across the world today use the internet to share their opinions
or feelings on products and brands, whether it's via a Facebook reaction, a Twitter
thread, or a Facebook post/comment. Reactions or comments on social media sites such
as Twitter, Instagram, LinkedIn, Facebook, and others are common ways for people to
express their feelings. Such feeling or attitude people express on social media about a
given business, service, or product is known as social media sentiment, or simply
"social sentiment." Companies are keen on capturing these online conversations in
order to learn more about their customers and users, as well as the customers of their

market competitors.

In order to obtain insights from these conversations, companies need to analyze them
carefully. Practically, companies cannot manually search for reviews and comments,
analyze them, and categorize them as good or bad due to the vast amount of data
available. To cater this issue, we can use sentiment analysis and data mining techniques,
algorithms to handle enormous amounts of data and obtain consumer insights in order
to understand more about consumers' sentiment towards the brand or product. In

addition to analysis, predictions are also made using these data mining approaches.

The footwear industry is a multibillion-dollar business worldwide. The footwear sector,
which is a subset of the clothes and apparel industry, consists of shoes, sporting shoes,
sneakers, athletic shoes, designer shoes, and as well as other related products. Footwear
is frequently made of leather, fabric, and various man-made materials. Footwear can be
considered a basic necessity item, standing with food, shelter, and clothes in terms of
importance and nowadays most people have a footwear collection to meet a variety of
criteria and expectations. There are many different styles, colors, and sizes of formal,
casual, and sporting footwear. Like apparel, footwear, have evolved from simple items
to true prestige symbols for consumers. Through footwear manufactures’ different
products and ranges, as well as their advertising efforts, footwear companies and stores

play a significant part in catering to this market.
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[1] states that the leading footwear producers are India, China, Turkey, Vietnam, Italy,
Mexico, Indonesia, Spain, Brazil, and Thailand, whereas the top footwear consumers
and importers are the United States, France, the United Kingdom, Japan, Italy and
Germany. Formerly, the ignored group of footwear producers from Korea and Taiwan
dominated the global business arena. Despite the COVID-19 issue, the worldwide
market for footwear is predicted to expand at a compound annual growth rate (CAGR)
of 2.3 percent to reach US$440 billion by 2026 from an estimated US$384.2 billion in
2020. By the end of the analysis period, sales of casual footwear are anticipated to
increase at a CAGR of 2.6 percent to reach US$213.3 billion. The Athletic Footwear
section's growth is lowered to an updated 1.9 percent CAGR over the next seven years
after a thorough analysis of the pandemic's commercial effects and the ensuing
economic crisis. This market sector currently holds a 37.6 percent segment of the global
footwear market. According to [2], Nike Inc., Reebok, Puma, Adidas AG, Under
Armour Inc., Geox, Skechers USA, ECCO Sko AS, Timberland, Deichmann SE,
BATA, Jack Wolfskin, The Aldo Group, Columbia Sportswear, Polartec, and Asics

Corp. are the leading players/brands in the worldwide footwear market.

In this massive industry, it is vital for footwear manufactures and retailers to know what
their current and potential customers think about their products. Regardless of whether
or not a firm has a social media presence, its customers and users almost certainly do.
Individuals express their opinions about businesses, shopping, technology, and other
topics on social media; many people seek recommendations and trade ideas on
Facebook. Furthermore, a large number of users use social media to assess and review
businesses and services. When the customers expressing their social sentiments, they
are not always positive; many of them are likely to be negative or critical, and their

words can be highly damaging to organizations in some situations.

Collecting and analyzing these huge unstructured conversations, ratings and reactions,
in other words, social sentiments can be used to reveal important patterns or trends of
products or brands, and they are very important for footwear manufactures and retailers
to identify how their products and brands performed in the market over time. These
historical data can be used to predict the future demand for certain products or brands.
Identifying these patterns will help to improve customer service and satisfaction and,
also it helps to monitor product or brand reputation, and analyzing consumer

experience.



Thus, in this research, special attention should be given for data preprocessing since
extracting sentiments from social media post engagements is not an easy process.
Several methods have been used which were presented by few scholars. This study
focuses on gathering Facebook post reactions and Twitter posts published regarding
footwear categories. After identifying the sentiments of each post, proper data mining

techniques will be used to predict the demand of each footwear category over time.

1.2 Problem Statement

Understanding clients' opinions about a product or service is the greatest approach for
a firm to determine whether or not they like it. When it comes to demand prediction for
a certain product or brand, these opinions are vital for an organization to analyze the
trend for their product portfolio. As a result, social sentiment analysis of a product or
brand is one of the most common methods that businesses employ to understand their
clients' opinions nowadays. Traditional statistical techniques will take too long and be
too expensive to analyze these social media sentiments since they are vast, noisy, and
dynamic. Therefore, polarity must be extracted from these sentiments using data mining

approaches.

Though numerous studies have been conducted in the area of social sentiment analysis,
most of the studies have been used only one social network site or text related data for
sentiment analysis. However, after social media sites such as Facebook introduced the
new emoticons to interact with posts instead of one emoticon (Like button), new aspects
of research were opened for social sentiment analysis. Recently, few scholars have
conducted such research based on these Facebook reactions. However, forecasting
models developed based on sentiment analysis using multiple social media platforms
and multiple data types (reactions and comments) are limited, and a comprehensive
demand prediction model based on social sentiments is yet to be developed. Even
though those limited researches covered some trend pattern identification and
forescasting, building a model for predicting sentiments and predicting demand for
huge industries like footwear is also limited in the field of sentiment analysis.

Therefore, such a model is critical for massive industries like footwear (or any other



industry) to understand their market and streamline their product and service catalogs

to meet the needs of their customers.

1.3 Aim and Objectives

1.3.1 Aim

The aim of this research is to design, implement and evaluate suitable models using
data mining techniques to analyze trends and demands in the footwear industry through

social sentiment prediction.

1.3.2 Objectives

01. To identify the most suitable attributes for trend analysis and demand prediction
in Footwear industry by analyzing the nature of data.

02. To evaluate existing approaches for sentiment analysis and use best approaches
to extract sentiment from collected data.

03. To construct a model to predict sentiment patterns using suitable data mining
techniques.

04. To extend the model for trend analysis and demand forecasting.

1.4 Proposed solution

This study proposes finding a solution to the above problem by evaluating the current
practices which were being used by other researchers for sentiment analysis and
constructing a model to predict sentiment patterns using suitable data mining
techniques. The model has been extended for trend analysis and demand forecasting
using the predicted sentiments. As the first step, this study has gathered two different
types of post data (Reactions and Text - from 2017 to 2021) from two different social
media platforms (Facebook and Twitter) related to different footwear compositions.
Then, the sentiment has been extracted from the collected data using appropriate
sentiment extraction methods. After that, these data sets were aggregated to create
unique compsitions of footwear categories and different types of data sets were created

and used for the analysis. Different machine learning algorythms have been tested to
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select appropriate techniques for sentiment prediction for each of the data sets. Finally,
using the sentiment predictions, a model was further extended for analyzing trend
patterns and demand predictions for each footwear composition.

1.5 Summary

This chapter describes the research topic in general. Also, this discusses the reasons for
carrying out this research in the current context and explains the importance of the
identified problem and the need of a solution. Furthermore, solid aims and objectives

were described in this chapter to construct a strong research area in the selected field.



Chapter 2

2. Literature Review

2.1 Introduction

This chapter describes about the different approaches for social media sentiment
analysis and how other researchers have used these approaches for demand prediction
in various domains. Especially this chapter emphasizes on how different social media
platforms enable the users to show their feelings on a given topic and the different data
mining techniques used to extract those feelings. Finally, this chapter explains the
various data mining algorithms used by previous scholars to predict demand or forecast

on different topics using the extracted sentiments of social media users.

2.2 Data mining in online social media

Organizations must clearly exploit their information resources to get a full
understanding of markets, consumers, goods, employees, competitors, suppliers, and
more in order to succeed in a globally-integrated and more consumer-empowered
economy. Organizations will gain value by efficiently analyzing and managing the fast
expanding latest and existing large amount of data (Big data) [3]. Big data is defined as
a collection of diverse, enormous, and complicated data from various business and
technology areas that cannot be effectively addressed by traditional technologies,
infrastructure, or skills [4]. Therefore, according to [5] we need to utilize data mining
to extract useful information from this enormous and complicated data collection that
isn't totally visible and isn't always easy to obtain. In other words, data mining is the
act of uncovering meaningful patterns and correlations in high volume of data, utilizing
advanced data analysis tools and techniques such as artificial intelligence, machine
learning, and statistics [6]. The growth of online social media has resulted in a flood of
data from social networks. Data mining techniques can be used by researchers and
professionals to analyze these vast volumes of complex, constantly changing social

media data in order to find useful information. [5].



2.3 Social sentiment analysis

The capacity to tap into public sentiment on social media data is becoming a more
essential tool for consumer segmentation, market analysis, and stock price forecasting
in strategic market planning and positioning. Sentiment Analysis is most commonly
used method to examine people's feelings, views, assessments, attitudes, evaluations,
and emotions about companies’ goods, services and their qualities as expressed online
via text, video, and other communication methods. These messages might be classified
as good, neutral, or negative [7]. We can call this as ‘polarity detection’[8].

Researchers have conducted many studies previously to review different sentiment
analysis techniques to obtain useful information from social media data. One research
on this area, was discussing the overview and potential applications of big data
sentiment analysis techniques [7]. Here, the authors discuss different sentiment analysis
approaches and their suitability for the big data context. This research examines the
advanced sentiment analysis methods, including sentiment classification algorithms
through machine learning (ML) techniques such as Naive Bayes (NB), Support Vector
Machine (SVM) and Maximum Entropy (ME). They state that these ML techniques can
produce outstanding results in text categorization. In [8], addition to Naive Bayes
classification and Maximum Entropy classification, they have used another method
called ‘SentiWordNet’, a lexical database that assigns scores to words and therefore
finds an emotion score for a whole phrase. Some researchers have used semantic
dictionary based approaches such as WordNet [9]. [10] used classification techniques.
Likewise, there are many other techniques used by many scholars for opinion mining
and sentiment analysis. Some of the other techniques are Bayesian networks (BN), K-
nearest neighbor (KNN), Artificial neural network (ANN) and Decision tree (DT) [11].

These studies mainly focus on sentiment extraction from various text sources and
languages through different social media networks and web pages. It can be a Facebook
comment/post, Twitter comment/post, online product review etc. Even if the
information published on social media is believed to be genuine public input because
people offered their thoughts without being asked [12], these information are large,
noisy and dynamic in nature [5]. As a result, the effectiveness of a better sentiment
analysis technique depends greatly on the depth of analysis, the number of documents,

the variety of the targeted domains, the genre, and the language of the texts. [13].
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Even though the scholars define sentiment analysis as the sentiment identification and
public opinion analysis that is considered as a research area in the field of text mining
[11], a new approach added after Facebook releasing six emoji (like, sad, love, angry,
haha and wow) options (reactions) in February 2016 as an extension of old “Like”
button and allowed people to express their feelings on a post in more diverse ways [14].
Many scholars have recently conducted more research purely or partially based on this
novel approach for sentiment analysis. One research completed in 2020, studied users'
reactions on Facebook reflect the results of the election held in State of Mexico in 2017,
This study has collected 4,128 Facebook posts and reactions to tackle the research
problem [15]. Authors have developed a new method to measure positive and negative
sentiments on Facebook reactions and, combined it with ‘Oh and Kumar’ sentiment
index [16]. Another study released in 2018, used an emoji-based sentiment analysis and
classifier to learn about individuals' emotional responses to marijuana-related Facebook
posts. The High Times Magazine Facebook page was used to collect around 15,000
posts and 14 million user reactions for this study [17]. A study in 2019 [18], shows that
it is possible to detect the polarity of a subject by Facebook reactions as it is an

expression of human feeling in virtual environment.

2.4 Demand analysis using social media sentiments

During the literature assessment, | discovered that, despite the fact that various
approaches for sentiment analysis have been proposed, only a few academics have
undertaken studies on forecasting using social sentiments. [9] has built a predictive
model for automobile sales based on social media sentiment analysis, combined with
time-series analysis. This research mainly focused on text sentiments, and they have
used dictionary-based approach, WordNet dictionary, to capture sentiments through
IBM COBOL system (a system that can gather and examine a variety of user-generated
social media content from message boards, blogs, microblogs, news forums and social
media sites). Since this study conducted on 2014, any kind of reactions/emoticons have
not been considered for the analysis. Another study [4] was undertaken to formulate a
methodology to improve demand forecasting in supply chains using social network site
data: Facebook and Twitter. The proposed approach uses trend, sentiment, and word

analysis findings from social media big data to forecast product demand by combining
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an enhanced "Bass emotion model™” with predictive modeling on historical sales data.
A case study in the apparel industry retail supply chain has used to validate the proposed
forecasting methodology presented on this paper. Predicting the popularity of TV
shows using sentiment analysis (based on text evaluations) using Twitter is another

study conducted related to this area [19].

2.5 Summary

Based on these recent studies, this study may conclude that these researchers have
worked hard to construct forecasting models based on social sentiments and opinions.
However, some research only looked at a few social media platforms, while others only
looked at only text data. Therefore, a comprehensive demand prediction model using
different type of social sentiment in social media yet to be developed for different

industries.



Chapter 3
3. Technology adopted

3.1 Introduction

This chapter discusses different techniques and technologies adopted to complete the
study. Based on the research topic, various techniques and technologies have been used
in different stages such as the data gathering, data preprocessing, data analyzing and in

outcome generation.

3.2 Tools and software used

3.2.1 RapidMiner Studio 9.10

RapidMiner is a powerful data mining tool that can manage all aspects of data mining,
model implementation, and model operations. This study employed RapidMiner
Studio, which offers a wide library of 1500+ algorithms and functions. Mainly
RapidMiner studio was used for three major implementations in this study. First, for
text mining and then for the sentiment analysis of mined text data and lastly for demand
prediction. Other than that, the RapidMiner studio was used for data preprocessing and
cleaning. RapidMiner Studio consists of easy access, drag and drop operations and

made this study’s process efficient.

3.2.2 CrowdTangle

CrowdTangle is a Facebook public analytics tool that allows researchers, publishers,
fact-checkers, journalists, and others to track, analyze, and publish on what's going on
in the world of social media. In this study, Facebook post reactions data have been
collected through the CrowdTangle platform. Using its easy-to-use dashboard, different

queries have been executed and the relevant post reaction data has been extracted.
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3.2.3 Upscene Advanced Data Generator 4

Upscene Advanced Data Generator 4 is a sophisticated tool for creating test data for
applications in many popular databases. It comes with a library of real-like data and
many number of features that make the test data as realistic as possible. Since the
Facebook post reactions data collected through the CrowdTangle platform were
unbalanced at the time of analyzing, this tool has been used to generate a balanced data
set to continue the research process. Using this tool, a sample data set of posts with

reactions for each post has been created within less amount of time.

© Advanced Data Generator 4.04 - MySQL Edition o X
File Projects Databases Templates Help
Projects [ P
S Crste How Progect P Welcome to Advanced Data Generator
¥ ject Lst ~ ‘
E Show Project Logs ~ Welcome to Advanced Data Generator by Upscene ducti our test data generator tool aimed at helping you with your database application
Project Groups - development.
) Create New Project Group
) Show Project Groups Lst You can generate:
Databases « Company Names
& Regster Database « First & Last Names
Show Database Lst « Street Addresses
Templates « E-mail Addresses
= « Website URLs
) Create New Template :
o Tempte L « Sequential, Random and Other Numbers
Configuration « Statistical D_ata Series
= « Shop order-lines
B2 Import User Data
' Export User Data « Import your own (legacy or sample) data
and much more, see the How To section in the doc
Help The Advanced Data Generator comes with sample templates to generate, for example, company domain names.
E::j: 0, gEperic:: Data can be generated directly to your database, but also into XML data files, SQL INSERT script, CSV and YAML files.
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Figure 3-2: Upscene Advanced Data Generator
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3.2.4 Twitter API

The Twitter API is a collection of programmatic interfaces for understanding and
building Twitter conversations. We can use this API to discover and obtain, interact
with, or create a range of resources, including the twitter users, tweets, messages, lists,
trends, places and media. Twitter APl has been used in this study to extract historical
data of twitter, in other words, public twitter posts published by different users in related
footwear categories. Then these collected tweets have been preprocessed and mined for
sentiment extraction. To use the Twitter API, a developer platform needs to be created
by mentioning the requirement of use of Twitter data. Therefore, an ‘Academic research
access’ account has been created and study was granted access for Twitter historical
data through the created account. Since this study was needed Twitter post data from

2017 to 2021, an ‘Academic research access’ account creation was must.

3.2.5 Postman API

Postman API enables the creation and utilization of various APIs. Each stage of the API
lifecycle is made easier and more collaborative with Postman, enabling for speedier and
better API design. Users can easily design, test, distribute, document APIs using simple
and sophisticated HTTP/s queries using Postman. This platform has been used to gather
Twitter post data through Twitter API. Different queries have been executed and the

relevant Twitter post data has been extracted using this platform.

 Home Workspaces v  API Network Reports  Explore Q Search Postman & ® B O (@ Upgrade

& My Workspace New  Import Full-archive search
(15} t = o Full-archive search [2) save ace E]
GET https://apl.twitter.com/2/tweets/search/all?start_time=2017-01-01T00:01:07Z&end_time=2017- Send v S

Params ®  Authorization ®  Headers (8) Body  Pre-requestScript  Tests  Settings Cookies

KEY VALUE DESCRIPTION oo Bulk Edit
start_time 2017-01-01T00:01:07Z The oldest UTC timestamp from which th

Body ookies eade st Results & 2000K 5¢6 s 574KB Save Response ™

E nd and Replac & Console @ Cookies & Capture requests & Bootcamp © Run

Figure 3-3: Postman dashboard
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3.2.6 Microsoft Excel

Microsoft Excel is a spreadsheet application created by Microsoft which can be
installed to many operating systems such Windows, i0OS, Android etc. It includes
computinng and calculation tools, pivot charts, pivot tables, graphing tools, and Visual
Basics(VB) for Applications, a macro programming language to manage and process
different type of data. Microsoft Excel is another application that was used in this study
to preprocess the collected social media post data. Different in-built functions have been
used for this purpose and duplicates removing, data aggregations and different
calculations performed to smooth out the data set.

3.3 Data mining algorithms and other techniques used

Researchers and practitioners are using data mining techniques to evaluate vast amounts
of complicated and fast paced social media data. Data mining is the process of
discovering new and useful patterns in data. Knowledge discovery is another term for
data mining [5].

3.3.1 Naive Bayes classification

Naive Bayes is a probabilistic classifier. It is constructed on probability models with
robust individuality expectations. Often, the independence molds have no consequence

on realism. As a consequence, they are considered as naive.
A Naive Bayes model has following dimensions:

e Name of the input field
e Input field value or input field value range.

e Value of the target field

This means that a Naive Bayesian model archives how frequently a target field value
seems together with an input field value. Naive Bayes are extremely scalable, with
parameters relative to the number of variables in a learning problem. Maximum-

likelihood training can be done in linear time by assessing a closed-form appearance,
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as opposite to the costly iterative approximation used for many other types of

classifiers.

3.3.2 K-NN Algorithm

A fundamental machine learning technique that depends on the supervised learning
approach is K-Nearest Neighbor. The K-NN algorithm uses similarity between the new
case/data and existing cases to choose which group to place the new case in. The K-NN
method provides all information that is available and uses similarity to categorize new
data facts. This means that when unique data is received, it may be quickly classified
using the K- NN algorithm into a well-matched group. Although the K-NN technique
can be used for both classification and regression, it is more frequently employed for
classification errors. As a non-parametric algorithm, K-NN does not assume anything
about the underlying data. The KNN method does nothing more than supply the dataset
during the training phase, and when fresh data is received, it simply classifies it into a
category that is highly similar to the fresh data.

3.3.3 Random forest

A supervised machine learning algorithm called random forest is frequently used to fix
errors in classification and regression. Its theories are based on decision trees built from
a variety of cases, and for classification and regression, it uses the consensus vote and
the average. The Random Forest Algorithm's ability to handle data sets with both
continuous and categorical variables, as in regression and classification, is one of its
most important aspects. It produces better categorization results. As the names imply,
the random forest is made up of numerous independent decision trees that collaborate.
The class with the most votes becomes the forecast of our model. Each tree in the

random forest creates a class prediction.
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3.3.4 Deep learning

Deep learning algorithms are prominent in key characteristics and are capable of
handling many different operations for both structured and unstructured data. On the
other hand, since deep learning algorithms require access to enormous volumes of data
in order to function well, they can ignore some obligations that may entail compound
issues. In its dataset-driven algorithms, ImageNet, a popular deep learning tool for
image processing, has exposure to 14 million photos. For deep learning tools that use

images as their dataset, it is a full tool that has identified a new level of presentation.

Deep learning algorithms are very advanced algorithms that process each layer of the
neural network to learn more about the previous image. The joint layers use this
information to create comprehensive graphics by connecting it to previous data. The
layers are extremely sensitive for detecting low-level image properties like edges and
pixels. For example, other deep learned layers might be trained to recognize specific
objects like cats, plants, gears, and so on, while the center layer could be trained to

recognize specific sections of an object in a snapshot.

3.3.5 Rule induction

The procedure of concluding if-then rules from a data set is recognized as rule induction
in data mining. These figurative decision rules clarify an ordinary association among
the data set's attributes and class labels. Intuitive rule induction reinforces many real-
world involvements. For example, we could announce that "if it is 8.30 a.m. on a
monday, highway traffic will be heavy" and "if it is 8.30 a.m. on a Sunday, traffic will
be light." These strategies are not continuously appropriate. During the holiday season,
traffic at 8 a.m. on weekdays may be light. However, these rules grip true in overall and

are resultant from realistic practice based on our day-to-day explanations.

3.3.6 Decision tree

The decision tree algorithm is categorized as supervised learning. They can resolve

regression and classification difficulties. The decision tree resolves the problematic
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issues by utilizing a tree illustration in which each leaf node resembles to a class label
and attributes are denoted on the tree's interior node. By means of a decision tree, we
can embody any Boolean function on discrete attributes. Decision Tree discards the
Disjunctive Normal Form, which is another name for the entirety of the Product form.
Recognizing the property for the root node in each stage is the main challenge in
Decision Tree. The term for this is attribute selection. A decision tree is a branch of a

probabilities tree that enables you to select a precise course of action.

3.3.7 SentiWordNet

SentiWordNet is a judgement mining lexical source. SentiWordNet allocates three
sentimentality notches to each Synset of WordNet: positivity, negativity, and
objectivity. Sentiment classification is the usage of involuntary approaches for
forecasting the orientation of subjective content on text documents, with applications
fluctuating from recommender and marketing systems to client intellect and
information repossession. SentiWordNet is a WordNet-based view lexicon in which
each period is related with mathematical scores representing positive and negative

sentiment data.

3.4 Summary

In summary, this chapter discussed about different techniques and technologies adopted
to complete this study. Based on the research topic, various techniques and technologies
have been utilized in different stages such as the data gathering, data preprocessing,

data analyzing and in outcome generation.
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Chapter 4

4. Approach for mining social sentiments for demand
analysis in Footwear industry

4.1 Introduction

This chapter presents the approach for mining social sentiments for demand analysis in
footwear industry. Inputs, outputs, process of the model, platform selection and data
collection process will be discussed in this chapter. This chapter also discusses how the
technologies stated in previous chapter are used to complete the actual work.

4.2 Inputs to the model

One of the main activities of this study is to extract sentiments form social media data

regarding footwear. There are two types of data considered for the model,

01. Sentiment extracted from the Facebook post reactions - Emoticon based.

02. Sentiment extracted from the Tweets (Twitter posts) - Text based.

Finally, these two data sets were arranged to one format and aggregated as one data set
to train the proposed model. Considerable amount of time has been taken to get these

data in to the required format.

4.3 Output from the model

Year wise predicted sentiment of a given shoe category (with other features like size,
color, gender) was the outcome of this model. One of the objectives of this study is to

use these data for demand prediction of the given shoe categories.

4.4 Process in brief

In the process, posts from two platforms — Facebook and Twitter, was collected first by
using relevant search keys and extracted the sentiment of each post. Since the Facebook

data were unbalanced, Data Generator has been used to create a balanced data set. Then,
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using the generated data, sentiment has been identified for each post data row. Tweets’
sentiments are extracted and calculated using text mining techniques and
“SentiWordNet” libraries. All the collected sentiment data then aggregated and create
one aggregated data set. This data set then checked with different Machine Learning
techniques mentioned in previous chapter and find out the most accurate predictive

model by training and testing the data set.

4.5 Platform selection

Since this study was taken to analyze demand of Footwear categories in the industry
using social media sentiments, Facebook and Twitter platforms were selected.
Facebook is the most widespread and well-known social network site in the world, with
316 million users as of November 2009 [6] and the number has increased to billion
users by now. With introduction of Facebook reactions (Like, Heart, Sad, Angry, Wow,
Haha), Facebook has enabled the users to show their opinion on a post by just one click.
Twitter was first introduced in July 2006 as a social networking and microblogging
program. Microblogging is a type of blogging that allows for more frequent and smaller
updates than blogging. Twitter allows users to send public messages (referred to as
"tweets") of up to 140 characters in length. That restriction was increased to 280
characters in November of 2017. Twitter is a good source to track how people’s feelings
evolve over time by looking at a tweet was posted. Twitter is having 1.3 billion
accounts, 330 million active monthly users, and 83 percent of the world's leaders are
on the platform [20]. As a result, Twitter is a good place to gather text data on a topic

like footwear.

4.6 Data collection

Data collection process is carried out under two categories. They are Facebook post
reactions and Twitter posts. Under these two categories, trending footwear categories
have been used as keywords for search. The following footwear categories are

considered in order to narrow down the scope of this study.
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01.  Sneakers

02. Flip Flops

03.  Sandals

04.  Clogs

05. Running Shoes

Following attributes of footwear also considered when querying the data from each

platform.

Color Size Gender
Black, Blue, Grey, Pink, | 6,6.5,7,7.5,8,85,9, 9.5, | Male, Female
Red, White, Green, | 10, 10.5, 11, 115, 12

Brown, Navy

Table 4-1: Additional Attributes and values

First the Facebook post reactions data have been collected through CrowdTangle
platform and Twitter posts have been collected through Twitter API using Postman API
platform. Due to the privacy policies of each platform, publicly available data were
only collected. Historical data of 5 years have been collected (from 2017 to 2021). Two

distinct data collection processes are elaborated as follows.

4.6.1 Collection of Facebook post reactions data

According to previous studies, scholars have used Facebook reactions (e.g.-
Like, Sad, Wow, Love, Angry and Haha) as a new approach in extracting
sentiments from social media posts [15],[17],[18]. In this study, reactions for
post data for each footwear category has been gathered using the CrowdTangle
platform. CrowdTangle is a Facebook public insights tool that allows
publishers, journalists, researchers, fact-checkers, and others to track, analyze,
and report on what's going on in the social media world [20]. A total count of

each reaction given by the users for a post were gathered. These posts are posted
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4.6.2

by retailers or manufacturers of Footwear products in their social media pages

which is publicly available.

While extracting data from CrowdTangle, the following filters have been used

to minimize the capture of irrelevant data.

Social media Platform | Facebook

Account type Public Pages

Post type Photos

Time range 1%t January 2017 to 31% December 2021
Language English Only

Page category Shopping retail, Retail company

Table 4-2: Filters used in CrowdTangle

Search query used to collect posts

("sneaker” OR "sneakers") AND ("size") AND ("men" OR "women™) AND
("blue™ OR "white" OR "black™ OR "red" OR "pink™ OR "navy" OR "grey" OR
"green" OR "brown") AND ("6" OR "6.5" OR "7" OR "7.5" OR "8"OR "8.5"
OR "9"OR "9.5" OR "10"OR "10.5" OR "11"OR "11.5" OR "12")

During data gathering, the following number of posts have been gathered with
their specific interaction data.

01. Sneakers — 2,958 Posts

02. Flip Flops — 957 Posts

03. Sandals — 1,136 Posts

04. Clogs - 736 Posts

05. Running Shoes — 620 Posts

Total posts collected — 6,407

Collection of Twitter post data (Tweets)

Many scholars have used different methods to extract Twitter data. One of the

ethical and common methods is using Twitter API. Since the Twitter API
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supports Postman API platform, all the queries and filters executed through
Postman API platform. In this platform, tweets, in other words, text data have
been collected through the data collection process. These tweets are published
by twitter users publicly.

Following query parameters have been used to filter out the tweets.

Parameter | Value Description
start_time 2017-01-01T00:01:00Z The oldest UTC
timestamp from which
the Tweets will be
provided.

end_time 2021-12-31T23:59:59Z The newest, most
recent UTC timestamp
to which the Tweets
will be provided.

tweet.fields | created_at, text Fields that need to
retrieve.

query lang:en (is:reply OR is:quote) Search term that used

(sneaker OR "flip flop™ OR sandal | to filter out the

OR clogs OR "running shoe™) relevant data. Here,

(-SneakerPhetish -mademenFit only English tweets

-info_reseller -SupremeCommerce) | were collected. Also
(size) (black OR white OR gray OR | some repeating users
red OR brown OR navy OR blue OR | have been removed.

green OR pink) Dash(*“-) sign
represent NOT
operator.

Table 4-3: Query parameters used in Postman API

During data gathering, the following number of matching tweets have been

collected.
01. Sneakers — 836 Tweets
02. Flip Flops — 51 Tweets
03. Sandals — 456 Tweets
04. Clogs - 151 Tweets
05. Running Shoes — 60 Tweets

Total posts collected — 1,555
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Figure 4-2: Raw data collected from Twitter

Even though the same type of data needed to be collected for the study, due to the
limitation on collecting Facebook related data because of their privacy policies, the

following aspects have been considered.

e How users (people) show their sentiments towards a Footwear product via

Facebook reactions (emoticons).
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e How people actually think about a Footwear product. This is what they actually

comment about a product in their own words. These data taken from the Tweets.

4.7 Summary

In summary, this chapter discussed about how the technologies and techniques
mentioned in the previous chapter used in early stages of the research process. Also,
what type of inputs selected, the brief process of the research, outcome of the study,
platforms used and how the data were collected from each platform. Next chapter
provides the analysis and design of the research and the top-level model that was used

in the study to make use of these collected data.
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Chapter 5
5. Analysis and Design

5.1 Introduction

This chapter explains how the problems and solutions of the study have been analyzed
with relevant literature and with the new approaches. Then, based on the comprehensive

analysis, top-level design of the proposed solution will be discussed.

5.2 Analysis of the study

According to the previous literature (which was discussed in the Chapter 2) many
scholars have conducted research on sentiment analysis on different domains. Some of
them further extended their sentiment analysis research to build forecasting models or
prediction models. Most of them have selected only one social media platform and also
it was mainly based on text sentiments. After Facebook was extending their Like button
with new emojis, people used it as way of showing their emotions on a particular post.
This post represents a topic or domain. Based on that fact, some of the researchers used
this as a way of measuring the sentiments towards particular topic. After analyzing this
previous literature, this study focused on building a comprehensive sentiment analysis
model using both text data and post reaction data. Also, wanted to find answers for
“why this broad model can not be used for better demand prediction of a certain domain

or industry”.

Next, this study analyzed about capabilities of current technologies and techniques on
data extraction, data processing, sentiment extraction and predictions. With the help of
applications such as RapidMiner, CrowdTangle, Postman API and Excel, the process
of this study got feasible from many aspects. Also, premade supervised learning
algorithms like Support vector machine, Naive Bayes, Decision tree etc. ease up the

prediction process.
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5.3 Design of the

study

High-level design of the proposed model is vital before implementation. By designing

the model of the study using different elements is crucial for better understanding and

good planning.
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Figure 5-1: Proposed design of the model

5.3.1 Attribute selection

a—

When selecting the attributes of the data set, some important factors had to be

considered. Such as,

e Both attributes should be available and able to extract from both platforms.

e Should be frequently used by majority of the social media users.

e The value should be a common word or number and constant on both

platforms.

e Should related to the domain(Footwear industry).
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By considering the above factors, the following attributes were selected.

Shoe category

Color of the shoe

Size of the shoe
Gender

Post created date/ year

R oA A

Sentiment (Class label)

Some of the values of these attributes were not directly captured in the data
collection. Text mining techniques have been used to extract them.

5.3.2 Text mining

Text mining is the process of converting unstructured text into a structured
format in order to find new insights and patterns. Main usage of text mining in
this study was to extract attribute values from the two distinct data sets —
Facebook post reactions and Twitter posts. The values are the shoe categories,
shoe sizes, colors and whether it is a women’s or men’s shoe. These data were
embedded either in Facebook post description or Twitter post. The steps that
carried out to extract these attribute values will be discussed on the next chapter
— Implementation of the study.

5.3.3 Sentiment Analysis

In this study, sentiment analysis is conducted in two different ways for the two
data sets gathered which were post reaction data collected from Facebook posts
and post data from Twitter. Since these two data sets produce different data values
(reaction data and texts), different sentiment analysis techniques needed to get

accurate results. Following two techniques have been used.
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01. Sentiment analysis on Facebook post reactions

Step 01 — First step was to find the Total Positive Sentiment and Total
Negative Sentiment using reactions(or interactions). In order to perform this,

this study has used the formulas given in article [15]. They are,

Total Positive Sentiment = Wow + Likes + 2 * Love

Total Negative Sentiment = Haha + Sad + 2 * Angry

According to [15], Facebook users will "like™ a post if it connects with them
or makes them feel good. On the other side, Facebook users use the "Love"
reaction when they are very enthusiastic about something. Because of this, a
"Love" response in this study is scored as being twice as passionate as a
"Like" response. The "Angry" and "Sad" reactions are calculated in the same
way since a post that provokes negative emotions produces these two
emotions; an "Angry" expression signifies a higher negative feeling in the
polarization than a "Sad" expression. As a result, an "Angry" expression is
regarded to be twice as strong as a "Sad" expression. "Wow" and "Haha" were
considered to be neutral reactions. Since "Wow" responses heavily dominated
in posts with more "Like" and "Love" expressions, they concluded that they
are indicative of a good emotion. The vast majority of the gathered
expressions connect with "Sad" and "Angry,” suggesting that "Haha"

expressions have a negative tone (sarcasm).

Even though this article [15] uses “Wow” and “Haha” expressions, these
expressions did not consider in the sentiment calculation considering the
nature of the domain (Footwear) of this study. As an example, if a shoe
manufacturer creates a funny post to market their product, people will hit
more “Haha” reactions. But it is not the actual sentiment that people express
on the shoe. So, the final modified formula that was used to calculate the total

positive and negative sentiment as follows.
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Total Positive Sentiment = Likes + 2 * Love

Total Negative Sentiment = Sad + 2 * Angry

Step 02 — The next step is to find the Sentiment Index of each post using the
Total Negative Sentiment and Total Positive Sentiment values obtained in
Step 01. For this, ‘Oh and Kumar’ Sentiment Index logarithm has been used
to find the overall sentiment on Facebook posts [16]. The correlation between
positive and negative posts are depicted by the sentiment index logarithm.
The result is a value that represents how negative or positive the emotions

expressed by social media followers are [15]. The logarithm is as follows,

1+ Total Positive ]

Sentiment Index = [n [ L+ TotaiNegative

This study measured the sentiment and the impact value of Facebook users

toward each footwear related posts in this way.

Step 03 - Finally, “sentiment value” class label (or attribute) has generated
using Sentiment Index value generated in step 02. The “positive”, “negative”
and “neutral” class labels have generated if Sentiment Index value is greater
than zero, less than zero and equal to zero respectively. Additionally, posts
which have “neutral” class labels were removed from the data sets since the
Positive and Negative sentiments only be considered for the trend analysis

and forecasting in this study.

After reviewing the previous literature, another method of calculating
sentiment of Facebook reactions was found. It was a database which is
consisted with sentiment score for each emoji [21]. Using their database in

http://kt.ijs.si/data/Emoji sentiment ranking/ website, sentiment score of

each Facebook reaction was gathered and the scores are as follows.
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Emoji Sentiment score
Like 0.521
Heart @ 0.746
Haha & 0.421
Wow 0.269
Sad &2 0.007
Angry @ -0.299

Table 5-1: Sentiment score of Facebook reactions (Source: [21])

Using the following equation (mentioned in one previous study, [14]), the

overall sentiment score was calculated.

=
i, log((number of emojii) + 1) x sentiment of emoji;
= . ¢ ] s

1

n = the total number of distinet ¢ mojis

Final result was overall sentiment scores were got positive values when
negative values should be expected in some cases. One major issue was that
the “Sad” emoji has a positive sentiment score even though it has a very less
value. Also this issue elaborated by the authors in study [14]. Therefore, this

method has not taken into this study by considering the limitations.
02. Sentiment analysis on retweets on Twitter posts

There are many text mining or classification techniques used by many
scholars on Twitter post data to extract human thoughts and perceptions. A
comprehensive study conducted on “classification techniques for opinion
mining and sentiment analysis” [11] shows a high level view on available

techniques for sentiment analysis (See Appendix A).

In this study, a lexicon-based approach has been used to extract polarity from
the Twitter posts. "SentiWWordNet™ is a lexical database that assigns scores to

words and so determines a sentiment score for a sentence as a whole. This
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study has used this database to calculate the sentiment score of the collected
Tweets. Also, sentiment score calculation of Tweets has been processed on

RapidMiner studio using its “Sentiment Analysis” operator.

5.3.4 Prediction models

Main focus of this study is to check whether the proposed model can predict the
demand of selected shoe categories by analyzing the past behavior of their social
sentiments. For this purpose, different data mining algorithms mentioned in
Chapter 3 have been used and tested their accuracy. Those algorithms were
selected based on the previous literature and using categorization provided in

http://mod.rapidminer.com/#app web site (After selecting the nature of our inputs
and outputs, this application suggests the relevant machine learning algorithms
that can be used for predictions). The most accurate algorithm has used to predict
the future sentiments of the footwear categories. By analyzing this and based on
the sentiment trend of the past 5 years, a basic prediction of the selected footwear
categories were analyzed. The process of testing and the steps carried out the

prediction model will be discussed in detail in the next chapter — Implementation.

5.4 Final design of the study

After identifying the sentiments of Facebook reaction posts which was gathered using
CrowdTangle, the study found that the data set was unbalanced and cannot carry out
the research process further. The problematic result was 90% of the posts had “Positive”
sentiment and only 10% could identified as “Negative”. Therefore, to create a balanced
data set, Data Generator (‘Upscene Advanced Data Generator 4”) was used in the study
to mimic the actual data set gathered by CrowdTangle and carried out the research

further.

One reason of receiving an unbalanced data set (More “Positive” sentiments and few
“Negative” sentiments) found in this study was that the limitation of emojis in the
Facebook reaction button and only one reaction can hit per post by a single user. As an
example, when a person sees an expensive and attractive shoe in a post, and if that

person thinks the shoe is not worth for the price but unique attraction is there, person
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will hit the ‘Love’ or ‘Like’ reaction rather than ‘Sad’ or ‘Angry’ reaction. The person
does not have a way of expressing both of his/her feelings at once, which is the Positive
sentiment (Attractive shoe) and the Negative sentiment (Not worth the price).

Also, this depends on the topic or the context of the post shared. The way the people
react to a political related post is different than this context. When it comes to the text
related replies such as comments or Tweets, people have more control and power of
expressing their feelings by words or large variety of emojis. So, this limitation was not

found when analyzing the Twitter data.

Therefore, the actual high-level model had to change as follows.

Post Reactiong
—_— ) Pre-Processing Equation based
Advanced Data L
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J g .
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Figure 5-2: Actual design of the model

a—

L

5.5 Summary

This chapter discussed the problems and solutions of the study that have been analyzed
with relevant literature and the new approaches. Then based on the comprehensive
analysis, top-level design of the proposed and actual solution has been discussed with
limitations. Then in the implementation stage, the design will be executed and analyze

the actual implementation.
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Chapter 6

6. Implementation of the model

6.1 Introduction

This chapter discusses the implementation details of each and every process discusses
in the previous chapter — Analysis and Design. Moreover, this chapter presents how this
study used technologies and techniques discussed in Chapter 3 — Technology adopted

for each major part of the design.

6.2 Data preprocessing and Text mining

Data preprocessing is important in data mining because the raw data obtained from the
actual world are subjected to noise, inconsistency, and incompleteness. To provide
consistent and high-quality results which align with the expected outcome, data
preprocessing needs to be conducted, which includes stages such as data cleansing,
integration, transformation, reduction, and discretization. This section also includes

how text was mined to extract the values of attributes.

In this study, the data preprocessing and text mining has been done differently for the

two data collections.

6.2.1 Facebook post reaction data
6.2.1.1 Data collected using the CrowdTangle platform

When extracting the data using the CrowdTangle platform, different attributes such as
Page name, Page created date, Post created time, Page Admin, Followers, No. of
Comments, No. of Shares and Overperforming score were extracted from post data as
default. Since these attributes are irrelevant for the study, they were removed to increase
the simplicity of the dataset. Furthermore, to calculate the sentiment score and the
sentiment index, Total Positive sentiment, Total Negative sentiment, Sentiment Index

and Sentiment Value attributes were added to the data set.
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e Facebook ID

e Post created time

e Post description (Message)
e Total number of Interactions
e No. of Likes

e No. of Hearts

e No. of Sad

e No. of Angry

e Total Positive sentiment

e Total Negative sentiment
e Sentiment index

e Sentiment value

Next step was to extract attribute values (Shoe category, Sizes, Colors and Gender)
from the Post description. For this, RapidMiner studio was used.

Retrieve Sneaker Data Generate Extract Map Impute Missing Val... Write Excel
inp F out ) e = Ea)) (s ] eal) ea 7% ea)) i fip
ori [} ( ] inp thr )
v thr [

Replace Trim
A exa 1 exa D A exa ] exa D
o ori [‘- o ori [‘-
v v

Figure 6-1: Process of extracting attribute values from FB data

Each operator of the RapidMiner studio performed specific task in extracting data. They

are as follows.

Operator Task performed
e Retrieve Load the data into the process.
e Replace Replaces parts of the values of selected nominal attributes
matching a specified regular expression by a specified
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replacement. This operator was used to remove URLS,

@mentions in the text.

Regular Expression used—
(https?://[-a-zA-Z0-9+&@#/%?=~_|1:,.;]*[-a-zA-Z0-
9+&@#/%=~_|]|(RT\s*@[":]:\s[A-Za-z
NI @ W) @(Ww{1,15})\b)|(\n)

e Trim Used to remove leading and trailing spaces from the text.
e Generate This operator extracts values from the text.
Extract

Example of the Regular expression used —

(?i)blue|black|white|gray|red|brown|navy|green|pink

e Map Used this operator to convert all the data values into one
format. Ex- blue, BLUE, BLue - Blue.

e Impute missing | Used this operator to fill missing values of the data set. K-NN

values algorithm was selected.
e Write Excel This operator was used to write the processed data set to an
excel sheet

Table 6-1: Tasks performed by RapidMiner Operator in attribute value extraction

The final attributes were taken for the study from these data as follows.

e Post Date — From 1/1/2017 to 31/12/2021

e Shoe Category — Sneakers, Clogs, Sandals, Flip Flops, Running shoes
e Gender — Men, Women

e Color - Black, Blue, Grey, Pink, Red, White, Green, Brown, Navy

e Size-6,65,7,75,8,85,9, 95, 10,10.5, 11, 11.5, 12

e Sentiment — Positive, Negative

6.2.1.2 Data generated using Upscene Advanced Data Generator 4

As mentioned in the Chapter 5, sentiments of Facebook reaction posts gathered using
CrowdTangle was unbalanced in terms of the sentiments (class label). Therefore,
Upscene Advanced Data Generator 4 used to generate a data set with the selected
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attributes above. Parameters were configured in the software and a sample data set of

5,000 rows was created (See Appendix B) and this data set was used for this study.

6.2.2 Twitter post data (Tweets)

Using the Twitter API in Postman API platform, tweets were gathered according to the
steps mentioned in Chapter 4, Data collection section. Selected attributes were
Post_Created_Date and Twitter post. Attribute values were extracted from the text in
Twitter posts by following the same process used in attribute value extraction of
Facebook post description. Same operators and configurations in RapidMiner studio
were used for this (See Table 6-1: Tasks performed by RapidMiner Operator in
attribute value extraction). Some of the repeated rows have been removed manually.

6.3 Sentiment analysis

Sentiment analysis for both datasets were carried out separately since the nature of data

sets and calculating sentiment value is different to each other.

6.3.1 Sentiment analysis in Facebook post reaction

The steps which were discussed in the Chapter 5 (Sub Section 5.3.3) used to calculate
the Total Positive sentiment and Total Negative sentiment for Facebook posts
considering the reactions of the posts. The modified formula was used. Using these
values Sentiment index was calculated. To calculate this value, the equation discussed
in Chapter 5 was used. Finally, using a simple IF function in MS Excel, sentiment value

(Negative or Positive) was calculated.

6.3.2 Sentiment analysis in Tweets

Sentiment analysis of Tweets carried out in RapidMiner Studio. The “Extract
Sentiment” operator was used for this and “SentiWordNet” dictionary was the selected
sentiment score measuring approach. Addition to this, “Generate Attribute” operator
was used to get the sentiment value of each post data. Finally, the “Write Excel”

operator was used to save the final twitter data set in excel format.
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Figure 6-2: RapidMiner Operators used to analyse sentiment in Tweets

Parameters

1 Extract Sentiment

model sentiwordnet v

|aylien
text attribute \meaning_cloud i

!sentiwordnet

(vader

show advanced \vader (french) |

\
lvader (german)

V' use default tokenization regex i

additional words ~ Edit List (0)... ;

<5 Hide advanced parameters

Figure 6-3: Parameter setting in Extract Sentiment operator

Finally, these two datasets were combined together as one dataset after finding the

sentiment values. Finally, the dataset was consisted with 6,555 data rows.

From this combined dataset, a new dataset was created by aggregating the sentiment
values of each shoe categories. Here, all the unique combinations of shoe categories

were considered based on the year. Aggregated dataset creation was required since the
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previous dataset included repeating data rows and there was no meaning represented by

the dataset.

As an example, aggregated sentiment value (Negative or Positive) of Sneaker, Men,
Grey, Size 10 for each year was calculated. Likewise, the same has done for other shoe

compositions by considering all the attributes.

6.4 Process of creating aggregated dataset

Step 01 — Extract each unique composition of shoe categories from the main data set.
Here, 229 unique compositions were identified. Year also extracted from the post

created date.

Step 02 — Calculate the number of Total Positive and Negative sentiments in each
composition (Ex- Sneaker, Men, Grey, Size 10). Simple COUNTIFS function in excel
was used to calculate the totals. This was helped to identify the total number of Positive

and Negative sentiments in each year per one unique composition.

Step 03 — Calculate the difference between Positive and Negative (Positive — Negative)
sentiment and identified the overall sentiment for those shoe compositions. Here, if a
composition gets an equal value for both Positive and Negative values, that considered

as a “Neutral” sentiment towards that shoe composition.

Step 04 — If a composition got zero values for both Positive and Negative, that record
has removed from the dataset since they considered as noisy data in the data set. Both
Positive and Negative totals get zero because no user has expressed any sentiment

towards those posts/composition.

After these steps, the final data set was generated with 1,757 records. This is the final

processed dataset that has been used for the predictions and analysis.
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i Year Shoe_Category  Gender Color Size Total Positive Total Negative Difference Final_Sentiment
2 2017 Clogs Men Black 6 1 2 -1 Negative
3 2017 Clogs Women Black 9 1 1 0 Neutral
4 2017 Clogs Men Blue 6.5 2 1 1 Positive
5 2017 Clogs Men Blue 8 2 1 1 Positive
[3 2017 Clogs Men Blue 8.5 2 1 1 Positive
7 2017 Clogs Men Blue 9 1 2 -1 Negative
8 2017 Clogs Women Blue 8 1 1 0 Neutral
9 2017 Clogs Women Brown 7 1 1 0 Neutral
10 2017 Clogs Women Brown 9 1 1 0 Neutral
11 2017 Clogs Women Brown 10.5 1 2 -1 Negative
12 2017 Clogs Men Green 6.5 1 2 -1 Negative
13 2017 Clogs Men Green 11.5 1 1 0 Neutral
14 2017 Clogs Women Green 8 2 2 0 Neutral
15 2017 Clogs Women Green 9.5 1 1 0 Neutral
16 2017 Clogs Men Grey 7 1 2 -1 Negative
17 2017 Clogs Men Grey 10 1 1 0 Neutral
18 2017 Clogs Men Grey 11 1 1 0 Neutral
19 2017 Clogs Men Grey 12 1 1 0 Neutral

Figure 6-4: Example of the Final Dataset

6.5 Sentiment prediction

Using the final aggregated dataset, prediction of sentiments for footwear categories (or
compositions) carried out after discovering the sentiments of the historical post data.
RapidMiner studio was used this for process and the following test cases were

employed.

2 training data sets and 2 test data sets were selected based on the year.
1. Training data set — From 2017 to 2019 and predict sentiment for 2020
2. Training data set — From 2017 to 2020 and predict sentiment for 2021
e 5 Machine learning algorithms were selected based on the past literature.
e 6 Datasets — One aggregated dataset and shoe category wise datasets.
e 2 types of class labels — One with the Neutral sentiment and other one after

removing data rows which has Neutral sentiments.

Results of these tests and final evaluations are discussed in the next Chapter and only
the implementation of these processes are described in this Chapter.
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Figure 6-5: Process of Predicting Sentiments

Tasks performed by each operator as follows.

Operator

Task performed

e Retrieve

Load the data into the process.

o Filter Examples

Which Examples are keeping and which Examples are
removing were chosen by this Operator. 1% Filter example
was used to Filter data with Neutral sentiment and without
it. 2"Y one was used to select only relevant attributes for the

model. Only Shoe Category, Gender, Color, Size and

Sentiment.

e SetRole This Operator is used to change the role of an attribute. This
was used to set the role of Sentiment attribute as ‘label’.

e Algorithm Any suitable algorithm can be used. Here the Naive Bayes,

Random Forest, Decision Tree, Deep learning, Rule
induction were selected and tested them separately by

enabling them.

e Select attributes

This Operator selects out a set of attributes from a dataset and
discards the rest.

e Apply model

Applies a model on a Data set.

e Performance

This operator provides a list of the categorization task
performance criteria values. Accuracy was selected as the

parameter.

Table 6-2: Tasks performed by RapidMiner operators in sentiment prediction
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6.6 ldentifying trend patterns and predict demand

Identifying the trend patterns and demand predictions of footwear have not been
extensively covered using data mining algorithms in this research but have been done
separately by using the aggregated final dataset. For this, the study has applied
Microsoft excels’ “Pivot table” and “Pivot Chart” tools to the aggregated dataset and
created a dashboard of sentiment trends. The sum values of Positive and Negative

sentiment counts have been taken and created the chart and the full chart of Trend.

The first step was to add a pivot table and configured the table fields as follows in the

Figure 6-6: Field configuration of Pivot table

Drag fields between areas below:

Y Filters Il Legend (Series)

Auxis (Categories)

Year

Figure 6-6: Field configuration of Pivot table

Then using the Pivot charts, a “Line chart with markers” was added. Then to filter out
the chart, “Slicers’ was added. A picture of a full dashboard can be seen in Appendix
C. Result of this process is that we can manually come to conclusions on demand of
Footwear categories by analyzing the chart. The collected, preprocessed and aggregated
dataset was helped for this analysis.

6.7 Summary

In this chapter, how the design of the study has been implemented was discussed.
Different activities performed at each level of the implementation stage was elaborated
and data preprocessing, text mining tasks and prediction process described. Finally,
how the dataset can be used for identifying trend patterns and predicting demand of
footwear industry elaborated. Next chapter will evaluate the results of these processes.
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Chapter 7

7. Evaluation

7.1 Introduction

The results gained from the implementation phase will be discussed and interpreted in
here in order to make the conclusion of the research study in the final chapter. First the
model of the sentiment prediction will be discussed and then trend patterns and how

footwear demand predictions can be identified from this study will be discussed.

7.2 Evaluation of the Sentiment predictions

Accuracy level of selected five different algorithms have been discussed below with
the different test cases mentioned in the previous chapter. All the algorithms were
executed on aggregated dataset and each Footwear wise datasets to obtain a

comprehensive view on the proposed model.

7.2.1 Decision Tree algorithm

Train data from 2017 to 2019. Train data from 2017 to 2020.

Predict for 2020 Predict for 2021

With ‘Neutral” | Without ‘Neutral’ | With ‘Neutral’ Without ‘Neutral’
Datasets . . . .

Sentiment Sentiment Sentiment Sentiment

Train | Test Train Test Train | Test Train Test

data data data data data data data data
All 57.78% | 40.66% | 53.45% 53.45% | 56.18% | 42.31% | 53.45% | 54.24%
Clogs 72.48% | 40% 75.56% 50% 71.43% | 53.57% | 72.31% | 53.33%
Flip Flops | 4547% | 41.05% | 54.32% | 54.74% | 45.02% | 39.89% | 54.42% | 51.70%
;%22'”9 77% | 50% | 80.65% | 71.43% | 75.21% | 52.38% | 78.95% | 47.06%
Sandals 78% 40% 78.26% 75% 69.33% | 38.64% | 78.57% | 50.00%
Sneakers 66.23% | 35.19% 80% 57.58% | 64.39% | 40.32% | 80.53% | 66.67%

Table 7-1: Accuracy percentages of Decision Tree algorithm
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7.2.2 Random Forest algorithm

Train data from 2017 to 2019.
Predict for 2020

Train data from 2017 to 2020.
Predict for 2021

Datasets With ‘Neutral’ | Without ‘Neutral> | With ‘Neutral’ | Without ‘Neutral’

Sentiment Sentiment Sentiment Sentiment

Train | Test Train Test Train | Test Train Test

data data data data data data data data
All 78.11% | 38.46% | 84.23% 56.03% | 73.06% | 37.36% | 80.23% 49.58%
Clogs 89.91% | 42.22% | 93.33% 60.00% | 84.42% | 39.29% | 92.31% 40.00%
Flip Flops | 68.56% | 38.42% | 80.04% 50.68% | 64.41% | 37.23% | 75.79% 48.98%
SRhl:)r;ng 91.95% | 40.00% | 96.77% 28.57% | 88.89% | 47.62% | 92.11% 47.06%
Sandals 92.37% | 37.78% | 95.65% 66.67% | 82.82% | 43.18% | 92.86% 55.56%
Sneakers 84.77% | 42.59% | 91.25% 60.61% | 78.05% | 38.71% | 85.84% 58.97%

Table 7-2: Accuracy percentages of Random Forest algorithm

7.2.3 Naive Bayes algorithm

Train data from 2017 to 2019.
Predict for 2020

Train data from 2017 to 2020.
Predict for 2021

Datasets With ‘Neutral’ | Without ‘Neutral> | With ‘Neutral’ Without ‘Neutral’

Sentiment Sentiment Sentiment Sentiment

Train | Test Train Test Train Test Train Test

data data data data data data data data
All 4951% | 49.18% | 54.98% 55.60% | 49.93% | 46.70% | 58.76% | 56.78%
Clogs 66.97% | 57.78% | 68.89% 50% 64.94% | 46.43% | 69.23% | 53.33%
Flip Flops | 43.87% | 43.16% | 54.77% | 5541% | 45.68% | 43.09% | 57.76% | 55.10%
;%22'”9 64.37% | 73.33% | 74.19% | 42.86% | 67.52% | 59.52% | 71.05% | 47.06%
Sandals 61.86% | 53.33% | 60.87% 62.50% | 61.35% | 59.09% | 67.14% | 61.11%
Sneakers 57.62% | 51.85% | 75.00% 66.67% 57.56% | 41.94% | 73.45% | 64.10%

Table 7-3: Accuracy percentages of Naive Bayes algorithm

7.2.4 Deep learning algorithm

Train data from 2017 to 2019.
Predict for 2020

Train data from 2017 to 2020.
Predict for 2021

Datasets With ‘Neutral’ | Without ‘Neutral” | With ‘Neutral’ Without ‘Neutral’

Sentiment Sentiment Sentiment Sentiment

Train | Test Train Test Train | Test Train Test

data data data data data data data data
All 51.56% | 47.80% | 57.58% 52.59% 53.95% | 46.98% | 61.58% | 57.20%
Clogs 58.72% | 55.56% | 53.33% 55.00% | 64.29% | 42.86% | 58.46% | 66.67%
Flip Flops | 46.00% | 45.79% | 51.44% 47.30% | 46.08% | 42.55% | 57.60% | 47.62%
sRhlggg Ing 65.52% | 43.33% | 77.42% 2857% | 69.23% | 59.52% | 68.42% | 41.18%
Sandals 61.02% | 46.67% | 63.04% 62.50% | 61.96% | 65.91% | 68.57% | 50.00%
Sneakers 41.06% | 31.48% 75% 60.61% | 51.71% | 38.71% | 74.34% | 64.10%

Table 7-4: Accuracy percentages of Deep Learning algorithm
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7.2.5 Rule induction algorithm

Train data from 2017 to 2019. Train data from 2017 to 2020.

Predict for 2020 Predict for 2021

With ‘Neutral’ | Without ‘Neutral’ | With ‘Neutral’ | Without ‘Neutral’
Datasets . . . .

Sentiment Sentiment Sentiment Sentiment

Train | Test Train Test Train | Test Train Test

data data data data data data data data
All 52.53% | 45.60% | 66.77% 55.60% | 53.52% | 42.58% | 68.47% 53.81%
Clogs 62.39% | 55.56% | 64.44% 65% 62.34% | 42.86% | 75.38% 60%
Flip Flops | 55.95% | 42.11% | 65.19% 58.78% | 56.57% | 43.09% | 68.45% 48.98%
SRhuOr;;ung 64.37% | 76.67% | 58.06% 28.57% | 67.52% | 59.52% | 57.89% 35.29%
Sandals 65.25% | 44.44% | 65.22% 75% 68.71% | 43.18% | 61.43% 50%
Sneakers 61.59% | 38.89% | 63.75% 69.70% | 67.32% | 37.10% | 73.45% 58.97%

Table 7-5: Accuracy percentages of Rule Induction algorithm

After evaluating this comprehensive accuracy percentages, the following findings were

obtained.

01. It was difficult to select one algorithm for all shoe categories to predict
sentiments, cause the different higher accuracy percentages obtained by

different shoe categories in different algorithms.

02. Therefore, based on these training data sets most suitable algorithm to predict
sentiment for all shoe categories and for each shoe category were selected as

below.
Most suitable algorithm to predict future
sentiments with available training dataset
Shoe Category
With the “Neutral” | Without the “Neutral”

class label value class label value

For All shoe categories | N/A* Random forest

For Clogs Naive Bayes Deep learning

For Flip Flops N/A* Rule induction

For Running shoes Rule Induction Decision Tree

For Sandals Deep Learning Decision Tree

For Sneakers Naive Bayes Decision Tree

Table 7-6: Suitable ML algorithms for Predict Sentiments

*All the algorithms were not given a sufficient accuracy level.
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03. It is notable that datasets which had ‘“Neutral” sentiment value, were given
lower accuracy levels in each algorithm than the datasets which were removed

the “Neutral” sentiment value.

04. Also, a higher accuracy levels were given by the individual shoe category

datasets when compared to aggregated dataset.

So, the final evaluation of this section is that using the algorithms mentioned in Table
7-6: Suitable ML algorithms for Predict Sentiments the sentiments of different

Footwear categories (or compositions) can be predicted.

From the predicted sentiments, we can identify that whether there will be a demand for

that specific shoe category in the future.
Example —

Assume that there is a Positive sentiment in 2023 for Sneaker, Men, Grey, Size 10
footwear. This predicts and shows that analyzing the historical sentiment data of this
specific shoe, people have a positive feeling to buy this product. Basically, the demand

for the product.
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7.3 Evaluation of identifying trend patterns and predict
demand

As discussed in the previous chapter, to identify the trend patterns of footwear
sentiment over years, the MS Excels’ “Pivot Table” and “Pivot Chart” were used. Using
these two tools, a complete, easy to understandable dashboard was created within

minutes. Following are some examples of trend charts.
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Figure 7-1: Sentiment trend for Flip Flops
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Figure 7-2: Sentiment trend for Sandals
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By looking at these trend lines, a Footwear manufacturer or retailer can get a high-level
idea of how people liked a certain product in previous years. Also, they can determine
that, whether the product had a more Positive sentiment or more Negative sentiment
and then can predict whether there will be Positive or Negative sentiment in the future.
Likewise, the trend lines created using the dataset which was obtained after utilizing
considerable number of efforts in this study, was able to help for footwear demand
prediction.

7.4 Summary

This chapter described the results gained from the implementation phase and carefully
evaluated the results gained to make proper decisions. In the first section, the model of
the sentiment prediction has been discussed and then in next section, how Sentiment
predictions and trend patterns helped to forecast demand of Footwear categories were

explained.
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Chapter 8

8. Conclusion and Future work

8.1 Conclusion of the study

When concludes, first, it is significant to cross check whether this study has met its aims

and objectives defined in the Chapter 1. Objectives of this study are as follows.

01. To identify the most suitable attributes for trend analysis and demand prediction
in Footwear industry by analyzing the nature of data.

02. To evaluate existing approaches for sentiment analysis and use best approaches
to extract sentiment from collected data.

03. To construct a model to predict sentiment patterns using suitable data mining
techniques.

04. To extend the model for trend analysis and demand forecasting.

The first objective was partially achieved. Due to the unstructured and vast nature of
these social media data, extracting the attribute values were limited. As the result,
limited number of attributes had to select such as Shoe category, Size, Color and
Gender.

The next objective was completely achieved through referring past literature and the
available techniques and technologies. The third objective was achieved, but due to the
less amount of data used for the model at the final stage (due to excessive data
preprocessing had to carry out to generate a reliable dataset), less accurate results were
generated by the algorithms. Even though the last objective was not carried out as a
direct process of the proposed model, with results generated by achieving the first three
objectives, the last objective also achieved in this study.

Finally, this research is a novel approach for the social sentiment analysis since this
study collected two distinct datasets from two social media platforms and was able to
create a one common dataset for analysis. Also the analysis was further extended for

demand and trend analysis.
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8.2 Limitations of the study

The following limitations have been identified while carrying out this study.

01.

02.

03.

Limited access on social media data.

The privacy worries of social media users have increased in recent years. Many
users have been disturbed by data breach incidents and have been compelled to
reevaluate their interactions with social networks and the safety of their personal
data. Therefore, social networking sites now restrict the researchers and other
people to access bulk data. Even though some sites allow to access the users’
data, either they restrict the data can be gathered or need to obatain special
permission to access such data. As an example, Facebook does not allow anyone
to access individuals’ private or public posts. However, accurate results can be
obtained for a study like this by collecting more data if the researchers can

access to such private and public posts of individuals.

Inconsistent nature of the raw text data, which is the various ways that
individuals express their feelings on social media.

When it comes to the text based comments, people express their feelings in
many different ways. They use different contexts of the languages, mix
languages, slang words, different spellings, different emotions etc. As an
example, the word “good” can be expressed as “gd”, “goodie”, “ohh good” or
as a thumbs-up emoji. Therefore, according to this example, identifying the
word “good” in individuals’ comments is difficult because of the inconsistent
nature. This problem occurred in several stages in this study. One was when
identifying the attribute values. As an example, when extracting the footwear
category, people have used the word “sneaker” in many different froms such as

“jordans”, “tennis shoes”, “sneaks” etc. This limitation even has a negative

impact on the accurate results generation on sentiment extracting as well.

The way people interact with footwear related posts are different.
As an example, when a user is surfing on his/her Facebook news feed, he/she
would scroll down to the next post rather than negatively react on a post about

a footwear product that he/she does not like.
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8.3 Future work

01. This study was taken only four attributes for sentiment analysis. Taking more
attributes can generate more accurate results.

02. Collect more historical and large amount of data.

03. Consider the emojis in text posts when analyzing the sentiment.

04. Expand the scope or create a generic model that can be adopted to any similar
industry, not just the footwear industry.

05. Use data mining related forecasting models for better trend analysis and
forecasting.
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Appendix A

High level view of opinion mining classification techniques (Source: [11])
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Appendix B

Parameters configured in Upscene Advanced Data Generator 4
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Appendix C

Sentiment Trend Dashboard
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