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Abstract — Today social media has grown to be a big player in the way businesses and organizations operate, especially with the
coronavirus pandemic increase the online footprint of these organizations. The use of data from social media to drive business intelligence
is now of growing interest to both researchers and business owners. Business owners can now utilize platforms like Twitter to learn about
their target audience and improve their business processes to meet their growing needs. Twitter makes it easy to see what is going or
about to go viral and vital details like why it is going viral and the players behind it. This research aims to help business owners’ especial
small and medium enterprises and start-ups gain a competitive advantage in their industry by using the "crowd wisdom" opportunity
via social media. The proposed system is based on Twitter and crawls the platform for relevant data, including; locations, trends, and
important actors (influencers) within a specified field; the system cleans the data and presents the information in an actionable format.
Python was used for Twitter data mining, and sentiment analysis of the tweets was done using Naive Bayes classifiers.

Keywords — Twitter Sentiment Analysis, Twitter Sentiment Analysis for Business Intelligence, Naive Bayes algorithm, Bayes Theorem,
Business intelligence, Sentiment analysis.

I. INTRODUCTION

A recent World Bank report showed that Small and Medium-scaled Enterprises (SMEs) account for 90% of businesses worldwide,
especially in developing countries, making huge contributions to job creation with over 50% of employment worldwide and overall
global economic development [1, 2]. The vast amount of data from social media consumption can equip organizations of different
sizes to execute timely and meaningful business decisions via social media analytics [3].

Social media's usefulness as a tool for extracting patterns and behavioral traits of users cannot be underestimated, especially as it
can be used to better understand the target audience and their ever-changing needs.

In the past few years, researchers from multi-disciplinary fields have been exploring intelligent ways in which the feedback from
social media platforms like Twitter can feed actionable information to businesses and organizations for business intelligence.

However, the major challenge has been the inherent noise or the unstructured nature of social media data [4]. No doubt, the dynamic
nature of such data and its massive size pose a significant challenge for researchers, but with modern machine learning approaches
to data mining and analytics, it is now possible to minimize errors and sieve out useful information from the ‘wisdom of the crowd’
available on Twitter and other social media platforms [5].
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II. THEORETICAL BACKGROUND

Business intelligence explores how to comprehensively and scientifically tease out vital answers to questions bugging businesses
and organizations, which can then be organized and stored in a result-oriented way to provide business value and improved decision-
making [6, 7].

When business intelligence tools and techniques are applied to Twitter data, SMEs can gain a competitive edge, cut costs, and
release products with a higher degree of success. It also makes advertising and marketing of goods and services easier and well-
targeted for success [8].

Social media usage is currently one of the most popular online activities and on the steady rise. A Sprout Social report estimates
that in 2020, over 3.6 billion people all over the world use one or two social media platforms, a number which they also projected
to increase to almost 4.41 billion by 2025 [9]. Another Sprout Social report showed that in 2020, global retail e-commerce sales
peaked at 4.28 trillion U.S. dollars and are projected to reach 5.4 trillion U.S. dollars in 2022 [10].

There is also reciprocal growth in the power social media has in users’ purchasing awareness and decisions. According to
bigcommerce, 43% of global shoppers research products online via social networks before purchasing [11].

Furthermore, [12] reports that social media is the number one influencer of fashion shopping amongst 18-24 years women. The
report shows that 32% of women aged 18-34 are open to buying all their fashion needs directly from a social media platform.

This also demonstrates the power social media has and, if appropriately harnessed, could give SMEs a good competitive advantage.
2.1 Concept of Twitter Data Mining

With data mining tools and technology, it is now possible to discover useful and actionable knowledge in large-scale data sources
like Twitter and other social media platforms. Data mining is an integral part of many related fields, including statistics, machine
learning, pattern recognition, database systems, visualization, data warehouse, and information retrieval [13, 14].

Mining Twitter data involves the process of extracting actionable patterns from the Twitter data pool that can be beneficial for
businesses, users, and other consumers. SMEs and start-ups can get customer feedback for proactive planning, develop
recommendation systems to maintain existing customers and hopefully even gain new customers via harnessing data from Twitter
[15].

2.1.1 Common issues encountered in Mining Twitter data

Data generated on social media sites are unstructured (not organized in a pre-defined manner) and different from the conventional
structured data sources [16]. Social media data are mostly user-generated content; thus, social media data are vast, noisy, distributed,
unstructured, and dynamic.

The implication for data mining tasks is that new efficient techniques and algorithms are required to make sense of social media
data [17]. For example, according to Twitter's Q3 2019 report, the platform has 145 million monetizable daily active users [18],
while Facebook had over 2.6 billion monthly active users in the first quarter of 2020 [19]. YouTube reported over 2 Billion logged-
in users' visits each month [20], and Wikipedia hosts over 54 million articles attracting an estimated 1.5 billion unique visitors per
month [21]. This just shows the abundance of potentials available on social media and the difficulty in making sense of the data.

The following are the major issues associated with mining social media data:

e Social media data are noisy: removing the noise from social media data is paramount for effective mining. Research has
shown that spammers generate more data than legitimate users [22, 23]. Hence, separating legitimate users from bots,
trolls, and scammers becomes necessary while mining social media data.

e Social media data are distributed: because there is no central authority that maintains data from all social media sites, it
poses a daunting task for researchers trying to understand the information flow.

e Social media data are often unstructured: it will always be a big challenge trying to make meaningful observations based
on unstructured data from various data sources. For example, LinkedIn, Facebook, and Instagram serve different purposes
and meet the diverse needs of their users respectively.
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e Social media sites are dynamic and continuously evolving: The dynamic nature of social media data is a significant
challenge for researchers, especially the speed with which social media sites evolve.

2.2 Sentiment Analysis techniques

Sentiment analysis is also known as opinion mining, and it is used to extract opinions expressed in user-generated content like
tweets [24]. Sentiment analysis tools help businesses and organizations to understand product/service sentiments, brand perception,
new product perception, and reputation management [25].

2.2.1 Steps to conduct sentiment analysis
Major steps of conducting sentiment analysis include;
¢ Finding relevant documents,
¢ Finding relevant sections,
¢ Finding the overall sentiment,
e Quantifying the sentiment, and
e Combining all sentiments for better understanding [26].
Basic components of opinion are;
a) an object on which opinion is expressed,
b) an opinion expressed on an object and;
c¢) the opinion holder.

Here, objects represent a finite set of features, each symbolizing a set of synonymous words or phrases. Opinion mining tasks are
performed at the document, sentence, or feature level [27, 28, 29].

2.3 Machine learning approach to Sentiment Analysis

To implement sentiment analysis on text classification problems, machine learning algorithms are used with the help of feature
selection techniques which selects only important features by eliminating the noisy and irrelevant features found in the dataset [30].

2.3.1 Using Naive Bayes (NB) Classifier for Sentiment Analysis

Naive Bayes classifier is one of the most commonly used classifiers. This classification algorithm uses Bayes Theorem to predict
the probability of a given feature set belonging to a particular model [31]. Bayes’ Theorem is a simple mathematical formula used
for calculating conditional probabilities, which measures the probability of an event occurring given that another event has (by
assumption, presumption, assertion, or evidence) occurred [32]. It works by computing the posterior probability of a class; its
computation is hinged on the distribution of words in the document. The Naive Bayes Classification model works with the Bag of
words (BoW) feature extraction. The BoW feature extraction does not take into cognizance the position of a word in the document
[33]. One significant advantage of the Naive Bayes (N.B.) classifier is that it has a fast execution time and low memory consumption
[34].

For an example of a classification problem based on the Naive Bayes algorithm see below. To find the probability for a label, we
use the Bayes rule to express it as:

P(label|features) in terms of P(label) and P(features|label):

P(label) * P(features|label)

P(label|features) =

P(features)
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Where: P(label) defines the prior probability of a label, P(features|Label) defines the prior probability that a given feature set is
classified as a label, P(features) defines the prior probability that a given feature set is occurred.

The algorithm then makes the 'naive' assumption that all features are independent, given the label:

P(label) * P(fl]label) * ... * P(fn|label)

P(label|features) =

P(features)

Rather than computing P(features) explicitly, the algorithm just calculates the numerator for each label, and normalizes them so
they sum to one:

P(label) * P(f1[label) * ... * P(fn|label)
P(label|features) =

SUMI]( P(1) * P(f1|1) * ... * P(fall) )

2.4 Related works

This study briefly sampled the research from other researchers in mining social media data, sentiment analysis, and business
intelligence.

In [35], the researchers applied two proposed models of classification, Naive Bayes algorithm and G.A., as feature selection into
digital learning application review data.

In [36], the authors applied sentiment analysis to find customer satisfaction levels from digital payment services in Indonesia with
percentage accuracy and conclusion opinion mining.

The authors in [37] analyzed how the citizens of different countries are dealing with the COVID 19 situation. Tweets were collected,
pre-processed, and then used for text mining and sentiment analysis. The results showed how people around the world were reacting
to the pandemic based on their Tweets.

Likewise, in [38], the authors studied the use of Twitter data for waste minimization in the beef supply chain. They used Twitter
Application Programming Interface (API) to extract Twitter data. Then they did a combination of Sentiment Analysis, Descriptive
Analysis, and Content Analysis of the tweets and sorted the data accordingly. The authors then linked the individual complaints to
known roots causes in the beef supply chain. The information helped mitigate food waste and improve customer satisfaction.

In [5], the authors proposed CNN-BiLSTM- and BERT-based deep neural models to combine attitude representation and content
representation for early rumour detection on Twitter. They experimented on real-world rumour datasets using the BERT-based
model to achieve effective early rumour detection on Twitter.

The author in [39] applied sentiment analysis with the Trip advisor dataset, a travel website that provides user opinions about hotels
and restaurants. The analysis task categorized into three steps, polarity detection, Aspect selection, and classification. The author
applied SAMs, SentiStrength, Bing, Syuzhet, and CoreNLP methods to analyze the user opinions.

In this study [40], the author proposed sentiment analysis on electronic products like mobile devices and laptops using machine
learning algorithms. They presented a new vector feature for classifying the reviews into positive and negative. User reviews about
electronic products taken from Twitter as input dataset and performed sentence-level sentiment analysis. Naive Bayes, SVM,
Maximum Entropy Classifier and Ensemble classifiers are applied.
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III. ALGORITHM DESIGN OF THE SENTIMENT ANALYSIS ON TWITTER DATA

The following explains the process of getting the sentiments on the tweets:

Twitter connection and Authentication using API

v

Use python to fetch text from Twitter
v

Normalize text using Python text normalization technique (Stemming and
Lemmatization)

v

Remove stop words

v

Select allowed words (may be adjectives and adverbs)
v

For each allowed word, find the probability that it is inclined to either
positive or negative.

v

If probability of positive > probability of negative, then return positive
v

If probability of negative > probability of positive, then return negative
v
Return sentiment

Fig.1.Flowchart of sentiment analysis on Tweets
IV. DATA GATHERING AND PROCESSING

The IMDB dataset is an already trained open-source dataset freely available on the internet for this particular purpose and was
modeled in  this project. The data sets contain 10,000 movie reviews and available at:
https://www.kaggle.com/lakshmi2Snpathi/imdb-dataset-of-50k-movie-reviews.

The data was divided into 60% training set and 40% test set and stored the dataset in the database. The sentiments for the tweets
were done as illustrated in fig.1.0 above.

Overall, 1,000 tweets were collected from each entered keyword after every five days. The keywords used for collecting the tweet
were; DOGECOIN, IPHONE 12, HUAWEI P40 and HP FOLIO.

The data was cleaned and prepared for analysis by filtering the retweets and replies to avoid duplicating the tweets. After collecting
the data to the database, the data normalization process was done, where the white spaces, punctuation, stop words were removed,
and the tweets were converted to lower case. After the data cleaning, naive bayes algorithm through python was performed on the
tweets. Once the scoring of the tweets was done, it was saved.

V. RESULTS AND DISCUSSION

The platform was able to generate, and process sentiment analysis on the different keywords crawled from Twitter. The result was
sorted by datestamp, keyword location and sentiment ratio for each tweet fetched. The chart of the results is shown in fig. 2 below.
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Sentiment Analysis Chart

M Positive [l Negative

500 1

450 1

400 1

3501

300

2501

Nos of Tweets

200 1

150 1

100 1

50

DOGECOIN IPHONE 12 HUAWEI P40 HP FOLIO
Keywords

Fig. 2 Result chart of Sentiment Analysis of Tweets

With this tool, SMEs can stay updated with their potential buyers' needs by harnessing Twitter data; they can also see user feedback
on products in the market by getting sentiment analysis on those products before stocking up. This ensures increased turn up and
overall sustainability of their business.

VI. CONCLUSION, LIMITATION AND FUTURE SCOPE

This research work aimed at analyzing the sentiments from Twitter data for business intelligence. The study shows how Twitter
users react to different selected keywords. This data-driven tool could potentially be a big deal for SMEs to improve their business
strategies and decision-making.

There is always room for improvement. This research targeted only Twitter for its data, but there are so many other social media
platforms like Facebook, Instagram, etc., where more data can be harnessed to better understand buyers.

The tweets collected for this study were in English, which might serve as a limitation for the study. Also, the python code used for
this study does not count emoticons (emojis) which is another limitation.

For future works, this study can analyze the changing emotions and sentiments in various fields of life and could be a very handy
tool for start-ups and SMEs.
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