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Abstract: The industry is currently faced with rapid technological developments, including
the challenges of Industry 5.0. Advanced technology is necessary to improve automation
and digitalization in the industrial sector. One of them involves mining information from
social media data, which generates large amounts of data (big data) and offers the poten-
tial to improve company performance. This study takes a case study of the telecommu-
nications industry in Indonesia, using Principal Component Analysis (PCA) and Principal
Component Regression (PCR) methods. Big data is obtained from social media review data
collected over 33 weeks, encompassing unstructured data on telecommunications service
products in Indonesia. The text mining stage produces 30 selected words for further anal-
ysis with PCA to create the main components. Based on the evaluation results, the main
components formed show a good correlation with the company’s performance in the stock
market; at least, there is one main component equation that shows a strong correlation.
Principal component 2 demonstrates the optimal and most suitable R-squared value to
predict the stock price index variable. PC2 comprises the textual elements “smartfrencare”,
“service”, “obstacle”, “modem”, “location”‘, “voucher”, “Wi-Fi”, “promotion”, and “inter-
ference”, exhibiting the highest R-value exceeding 0.5 on the PCR stock index-open, index-
high, index-low, and index-close, demonstrating strong or moderate correlation strength.
This shows the potential to use a data mining approach based on social media reviews as
a basis for decision making to improve company performance. Furthermore, the dominant
variables formed from the PCA are considered to obtain a simple mathematical model.

Keywords: Company Performance, Data Mining, Principal Component Analysis, Social
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1 Introduction

The current technological era is entering the fifth industrial phase, marked by rapid tech-
nological developments that are leading to automation and digitalization in the industrial
sector. The development of technology and digitalization enables easy access to data from
various social media platforms. There will be 2.95 billion people in the world using social
media in 2022, and there will be more than 1.3 billion social users using Twitter [1]. Var-
ious Twitter user information is very useful to explore, especially for business purposes.
Customer information on social media is essential to explore for business purposes. In
product development, even the best ideas come from customers [2]. Furthermore, Twitter
data exploitation can be used for various prediction purposes [3–6]. The increasing data
capacity provides more information that is easy to access and lower-cost. Alternative uses
of Twitter social media data need to be further analyzed to improve company performance.

The amount of data generated by social media users is growing exponentially, and big
data is being produced, which creates new opportunities for companies to gain valuable
insights into consumer preferences and product perceptions. One increasingly popular
method for harnessing this data is data mining, which allows companies to identify pat-
terns and trends in big textual data [7–9]. Text mining and sentiment analysis, as a branch
of data mining, have become essential tools for companies to measure consumer sentiment
towards their brands, products, or services [10, 11]. By analyzing the text of consumer re-
views, companies can identify positive, negative, or neutral opinions, as well as the most
frequently discussed topics. So, big social media data can be used to improve company
performance by providing cheap and quick access to big data.

In terms of business, one crucial factor that attracts the attention of different business
people and academics is related to the company’s performance in the stock market. The
involvement of businesspeople in the stock market can provide benefits to various parties
if they can read stock trends well. Still, it will be detrimental if they cannot accurately pre-
dict. As with a product business, where there are far more failed products than successful
products in the market, so too in the stock market business. Stock indexes, derived from
stock price values and volumes, can reflect company performance indicators. However,
estimating stock prices and volumes as indicators of company performance is a significant
challenge due to dynamic trend changes. The difficulties found from previous studies con-
ducted using historical data approaches show that the stock market pattern is very volatile.
Stock price trend patterns are nonlinear and non-stationary time series data, making it diffi-
cult to predict stock price pattern estimates. However, if you can analyze the right analysis
pattern related to stock prices, it can generate significant profits and contribute to designing
profitable trading strategies.

Previous research has shown a significant relationship between data mining and var-
ious company performance metrics, such as sales, market share, and stock prices. Text
mining and sentiment analysis were previously used for sales forecasting [12–14], market
share [15,16], stock prices [17,18]. Furthermore, the Latent Dirichlet Allocation (LDA) tech-
nique, which is similarly designed to model consumer review topics, organizes subjects by
synthesizing a collection of keywords [19]. The Social Network Analysis (SNA) method
enables the identification of subjects and the investigation of relationships between topics
or keywords, facilitating the mapping and recognition of consumer review trends on social
media [20]. Sentiment analysis can be utilized to determine the polarity and emotions of
clients, classifying them as positive, neutral, or negative [20]. Although previous studies
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have explored data mining for company performance, none have utilized big data from so-
cial media data based on customer reviews to predict and improve company performance.
Then, this study uses the Principal Component Analysis (PCA) and Principal Component
Regression (PCR) approaches to predict company performance. Thus, the novelty and con-
tribution of this study lie in its use of big data from customer reviews to predict company
performance, as well as the application of PCA and PCR as analysis techniques. To the best
of our knowledge, utilizing the approach, concept, and big data mining from social media
has yet to be done in previous studies.

This paper examines the role of data mining in utilizing abundant data (big data) from
social media, such as Twitter, to analyze company performance. However, the problems
associated with using big data from social media stem from the unstructured, informal,
and noisy nature of the data. Moreover, the variables obtained from the data exhibit a high
correlation among themselves. So, a formal procedure for analyzing social media data is re-
quired, and a multivariate statistical approach supports this. It is necessary to understand
the potential of social media data for company performance and to develop a framework
for large-scale unstructured data mining from social media, serving as a basis for policies
that improve company performance and competitiveness.

2 Research Method

Information mining through social media offers the advantages of being cheap, fast, and
comprehensive, making it an effective tool for finding important information from various
customers about a product. Social media analysis provides an alternative approach with
effective and real-time cost analysis based on customer opinions about the product [21–23].
Previous studies on online customer evaluations through comment review analysis have
employed data mining and machine learning approaches, including text mining, senti-
ment analysis, topic modeling, principal component analysis, and social network analysis.
Text mining is the most straightforward technique for analyzing the words and elements
most frequently discussed by customers on social media [23]. The topic modeling method,
shown by the Latent Dirichlet Allocation (LDA) technique, is similarly developed to model
consumer review subjects; however, LDA organizes topics by synthesizing a set of key-
words [20]. The Social Network Analysis (SNA) method facilitates the identification of
subjects and the examination of relationships between topics or keywords, enabling the
mapping and recognition of consumer review trends on social media [24]. Sentiment anal-
ysis can be employed to ascertain the polarity and feelings of clients, categorizing them as
positive, neutral, or negative [25]. This study employs text mining techniques to identify
significant terms and aspects, followed by principal component analysis to group and re-
duce key variables from consumer evaluations on social media. This work contributes by
utilizing big data from customer evaluations to forecast corporate performance, employ-
ing Principal Component Analysis (PCA) and Principal Component Regression (PCR) as
analytical techniques. The research Flowchart is explained in Figure 1.

2.1 Data

The type of data analyzed is unsupervised data obtained from Twitter comment reviews.
Utilizing online data from social media provides several advantageous aspects for data
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Figure 1: Research workflow.

collection, such as increased sample numbers, improved sample variety, heightened flex-
ibility and ease, and diminished time and financial costs [26]. Twitter data (social media)
from various user opinions related to ‘smartfren’ is obtained using Python software, with
parameters set for data search time, keywords, and language. The keywords of this study
focus on the object of research, Smartfren, using Twitter tweet data collected over 33 weeks
from January to April 2019, as presented in Table 1. This study utilizes past data, specif-
ically one year before COVID-19, to ensure an objective analysis of data mining’s role in
enhancing company performance, unaffected by numerous variables or uncertain situa-
tions. This study uses a case study of a telecommunications company, supported by the
fact that data mining techniques can be used as a company improvement strategy [27, 28].
The utilisation of 33 periods is considered adequate for statistical analysis and data mining;
additionally, research by D’Uggento et al. [29] has recognized text mining and data mining
employing temporal data for 12 periods. Moreover, the utilization of 33 data periods is
based on the Central Limit Theorem, which asserts that the sampling distribution of the
sample mean will converge to a normal distribution, irrespective of the original population
distribution’s form, provided the sample size is sufficiently large [30]. The number 30 is
the minimal threshold at which the Central Limit Theorem impact becomes relevant [30].

2.2 Data Pre-processing

Data pre-processing involves cleaning the data to prepare it for further technical processes.
Data cleaning involves extracting only the most relevant information from the textual con-
tent of comments made by Twitter users discussing the target keyword “smartfren”. This
means that researchers remove information on usernames, account names, dates, hashtags,
and other information that is not related to user comments. In pre-processing, researchers
prepare a dictionary consisting of vocabulary words, as well as synonyms, to avoid the
appearance of similar words that are repeated. The data to be processed is in the form of a
comment column only; for example, it can be shown in the Twitter data excerpt in Table 2.

Data for each comment review is preprocessed using a text mining approach; the re-
sults of this preprocessing are then used as input for the process, which employs principal
component analysis. Data preprocessing is carried out through several processes, namely
tokenization, case folding, and filtering using stop word removal.
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Table 1: The number of twitter data

Period Number of reviews Period Number of reviews The form of the data

1 1833 18 2560 textual
2 1995 19 2656 textual
3 2577 20 3325 textual
4 1803 21 3638 textual
5 1799 22 4617 textual
6 1812 23 3814 textual
7 1888 24 2802 textual
8 2282 25 3097 textual
9 2788 26 4335 textual

10 2830 27 6918 textual
11 2357 28 8922 textual
12 1634 29 8198 textual
13 2128 30 5242 textual
14 2451 31 4540 textual
15 2770 32 4465 textual
16 2357 33 5826 textual
17 2348 textual

Table 2: Twitter data excerpt

Yes, smartfren is good. For downloading it is also super fast
Wow, smartfren is still slow even though using mifi
Do those who use Smartfren have good signals?
You don’t want to use smartfren
It’s terrible, with disruptions everywhere,
but I’m now relieved after switching to GoUnlimited smartfren.

1. Tokenization is the initial step taken by separating the text available in each comment
into pieces of words, often called tokens. The transformation steps in the tokenization
process are shown in Table 3.

2. Case folding is standardizing the form of letters or words to lowercase. This is imple-
mented because two-word characters with varying capital and lowercase letters can
possess distinct meanings recognized by the computer system. Furthermore, it can
also be executed to eliminate redundant space characters.

3. Stop word removal. The filtering step is done by removing stop words (the, is, . . . ),
punctuation (@, #, . . . ), abbreviations (omg, . . . ), typos, and symbols.

2.3 Text Mining

Data mining starts with text mining, which involves finding keywords and calculating
their frequency of occurrence. This allows for the identification of the types of words that
frequently appear and are discussed on social media, particularly about opinions that are
often reviewed. The results of the text mining are then used to select the types of relevant
words related to the target object ‘smartfen’ based on the frequency of occurrence, so that
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Table 3: The Tokenization Process

Yes, Smartfren is really good for yes
downloading, it’s also super fast smartfren

is
really
good
for
download
is
also
super
fast

Wow, Smartfren is still slow wow
eventhough using MiFi smartfren

is
still
slow
even though
using
MiFi

unnecessary noisy data can be removed. Text mining involves several processes, namely
tokenization, case folding, and filtering. Tokenization is the initial step, which consists of
separating the text available in each comment into pieces of words called tokens.

The theory of text mining is based on the idea that hidden value is frequently concealed
in large amounts of textual data (such as emails, documents, social media posts, and cus-
tomer reviews). It focuses on the process of converting unstructured text into a machine-
readable format so that algorithms can analyze it [23]. Pre-processing (tokenization, nor-
malization, stop-word removal, stemming/lemmatization), text representation (e.g., Bag-
of-Words, TF-IDF, or word embeddings like Word2Vec), and the use of sophisticated ana-
lytical techniques (e.g., classification, clustering, topic modelling, sentiment analysis, and
entity extraction) are some of the important steps involved in this process. To facilitate data-
driven decision-making, improve contextual understanding, and uncover patterns that are
challenging to identify manually in large and complex text data, the main objective is to
extract both explicit and implicit knowledge. The key formulas commonly used in text
mining, using Term Frequency (TF), are explained in Eq.(1). Term Frequency measures
how often a word appears in a specific document.

TF(t,d) = Count of word t in document d (1)

2.4 Principal Component Analysis (PCA)

Variable analysis using Principal Component Analysis (PCA) is performed as a multivari-
ate analysis, based on the value of the covariance matrix to obtain eigenvalues. Consider-
ation for using PCA is that the variables under investigation are often closely connected,
efficiently conveying the same information. To analyze the relationships among a collec-
tion of p-correlated variables, it may be advantageous to convert the original variables
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into a new set of uncorrelated variables known as principal components [31]. Principal
component analysis can also be regarded as eliminating multicolinearity in the data. Fur-
thermore, the eigenvector value explains the correlation between the original variable and
the new variable (principal component) formed by PCA. The eigenvector value calculates
the maximum number of components obtained, namely, thirty components.

A multivariate, unsupervised statistical method essential to data analysis and machine
learning, principal component analysis (PCA) aims to minimize the variance in a data
set while reducing its dimensionality [32]. The idea of orthogonal linear transformations,
which transform a collection of possibly correlated variables into a new set of uncorrelated
variable values known as principal components, is the foundation of PCA theory. The
first principal component explains the largest variance, followed by the second, which is
orthogonal to the first, and so on. Each principal component is a linear combination of the
original variables and is arranged according to the amount of variance it explains. PCA
enables researchers to simplify data complexity, reduce noise, address multicolinearity is-
sues, and visualize hidden structures in high-dimensional datasets by identifying the most
significant components (typically those with the highest eigenvalues, as seen in a Scree
Plot). This improves predictive model performance and facilitates interpretation.

2.5 Principal Component Regression

Regression and correlation analysis of the PCA analysis components results were
conducted to identify the relationship between various variables obtained from Twitter
social media data and company performance in the stock market. This was achieved by
connecting several word characters from text mining based on the frequency of word
occurrence and stock price and volume data in each period. The Principal Component
Regression enables the precise identification of significant elements, the exclusion of
irrelevant ones, and the assessment of their interrelationships [31]. Regression analysis is
frequently employed to model or examine data. It is used to comprehend the correlation
between the variables, which may subsequently be leveraged to forecast the exact
result [31].

Key Formulas in Principal Component Regression (PCR)
PCR combines Principal Component Analysis (PCA) with Multiple Linear Regression. This
is the first and primary step in PCR. The independent variables (predictors) X undergo a
PCA transformation.

1. Standardization of Predictor Data As in pure PCA, the predictor matrix X must be
standardized.

2. Calculation of the Predictor Covariance/Correlation Matrix.
3. Eigen-decomposition of the Predictor Covariance Matrix.

Find the eigenvalues (λ) and eigenvectors (v) of CX :

CXv = λv (2)

Order the eigenvalues from largest to smallest: λ1 ≥ λ2 ≥ . . . ≥ λp. The correspond-
ing eigenvectors, v1, v2, . . . , vp, are the Principal Components (PC).

4. Selection of Principal Components Select k top principal components (based on the
largest eigenvalues or other criteria such as a Scree Plot, cumulative explained vari-
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ance, or, as you noted in your paper, the highest correlation with the dependent vari-
able). Let Vk be the matrix whose columns are the chosen k eigenvectors (a p × k
matrix).

5. Calculation of Principal Component Scores Project the standardized predictor data
onto the k-dimensional space formed by the selected principal components. This
yields the principal component scores matrix T (an n × k matrix). T=XstdVk Each
column of T represents a Principal Component score (PC1, PC2, . . . , PCk).

3 Results

3.1 Text Mining Results

Text mining results provide information on the variables that are frequently reviewed in
Twitter comments concerning Smartfren’s performance. The number of words that appear
based on frequency can be associated with the character of Smartfren’s performance at that
time in various periods, allowing for an analysis of the product’s character. An example of
text mining results is shown in Figure 2.

Figure 2: The example of text mining in the first period.

Figure 2 displays a line graph showing the frequency of various keywords extracted
from Twitter comments related to telecommunication. It appears to be the result of a
text mining process, likely indicating the prevalence of certain terms in user reviews or
discussions. Many of the high-frequency terms are related to specific telecommunication
providers, general service aspects, or common problems. The highest frequency of cus-
tomer reviews is “smartfrencare”, “layanan”, and “4g”.

1. “smartfrencare” is by far the most frequent term. “Smartfren Care” likely refers to
Smartfren’s customer care or service channel. Its high frequency suggests that users
are actively engaging with or mentioning Smartfren’s customer support. This could
indicate a significant volume of inquiries, complaints, or feedback directed at their
service.

https://ejournal.ittelkom-pwt.ac.id/index.php/infotel

https://ejournal.ittelkom-pwt.ac.id/index.php/infotel


DATA MINING’S IMPACT ON COMPANY PERFORMANCE USING CONSUMER REVIEWS . . . 635

2. “layanan” is an Indonesian word that means “service”. Its high frequency indicates
that the general quality or type of service provided by telecommunication companies
is a major topic of discussion on Twitter. This is a broad term, so further drilling down
into its context would be beneficial (e.g., “layanan cepat”, “layanan buruk”, “layanan
pelanggan”).

3. “4g” refers to the mobile network technology. Its high frequency suggests that net-
work speed, availability, or performance (specifically for 4G) is a significant concern
or point of discussion among users.

3.2 Principal Component Analysis (PCA)

Based on the results of text mining, 31 variables are often reviewed in Twitter social media
comments from the keyword smartfren, and some of them have a high correlation with the
smartfren stock price index. The number of variables involved in predicting the stock index
can provide the complexity of the analysis and require more time. Thus, it is necessary to
simplify the variables involved based on their importance to the stock price index to predict
the dynamics of the rise and fall of stock values in each period based on tweet data on
Twitter social media. The PCA results provide the weight of the variance of each variable
involved. Then, 7 Principal Components are selected based on Figure 3, explaining that
using seven components can explain the total variance of more than 80%.

Figure 3: Eigen value.

Figure 3 displays a Scree Plot, which is a visualization tool used in Principal Component
Analysis (PCA). It helps determine the optimal number of principal components to retain
in an analysis. X-axis (Component Number) represents the number of principal compo-
nents. Each point corresponds to a specific component (e.g., Component 1, Component 2,
etc.). The plot goes up to 30 components, suggesting that there were 30 initial variables
(likely the keywords from your previous text mining output, “smartfrencare” to “bonus”).
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Then, the Y-axis (Eigenvalue) represents the eigenvalue associated with each principal
component. Eigenvalues quantify the amount of variance explained by each component.
A larger eigenvalue means the component explains more variance in the original data.
Based on the involvement of the seven main components described in Figure 3, the results
converge to represent the entire variant formed.

3.2.1 Eigen Vector

The eigenvector value explains the correlation between the original variable and the new
variable (principal component) formed by PCA. The eigenvector value calculates the max-
imum number of elements that are the same as the number of variables, namely 31 compo-
nents. Based on the previous scree plot analysis, seven main components can explain the
principal component value.

Table 4: Eigen vector principal component analysis

Variable PC1 PC2 PC3 PC4 PC5 PC6 PC7

smartfren 0.179 0.303 0.095 -0.132 0.066 -0.18 -0.05
Service -0.147 -0.474 -0.181 0.059 0.027 -0.011 -0.057
4g 0.311 -0.119 -0.208 -0.192 0.205 0.119 -0.02
smartfrenworld 0.292 -0.087 0.129 0.065 -0.183 0.033 -0.039
obstacle 0.145 0.264 0.132 -0.024 0.002 -0.074 -0.07
bolt -0.112 -0.152 -0.124 0.128 0.011 -0.179 -0.034
unlimited -0.276 -0.083 -0.334 0.171 0.07 0.028 0.021
network 0.216 0.095 0.104 -0.092 -0.03 0.038 -0.034
package 0.171 0.054 0.228 -0.087 0.053 -0.021 -0.033
modem -0.072 0.329 -0.225 0.105 -0.095 -0.098 0.073
internet 0.247 -0.057 -0.009 -0.153 0.317 -0.05 -0.19
signal 0.213 0.007 -0.087 0.128 -0.312 -0.095 0.143
location 0.23 0.053 0.127 -0.109 -0.189 -0.009 0.049
voucher 0.157 -0.325 0.168 0.106 0.273 0.079 0.343
application -0.07 -0.137 0.185 0.225 -0.122 0.01 -0.523
city -0.031 -0.006 0.058 -0.064 -0.041 0.309 -0.12
wifi 0.1 -0.034 -0.116 0.032 -0.163 -0.144 0.049
wifi -0.011 -0.018 -0.156 -0.034 -0.078 -0.087 -0.068
price 0.087 -0.078 0.112 0.445 0.234 0.067 0.141
telkomsel 0.104 -0.15 -0.077 -0.044 -0.168 0.064 0.086
speed -0.042 0.035 -0.157 -0.064 -0.121 -0.068 -0.014
promotion 0.125 -0.232 -0.295 -0.087 0.099 -0.213 0.109
credit 0.223 -0.206 0.041 -0.129 -0.086 -0.056 0.11
cheap 0.147 -0.088 -0.133 -0.147 -0.387 -0.047 0.151
bad -0.236 -0.115 -0.165 0.167 -0.054 -0.121 -0.097
reach 0.112 -0.142 0.092 -0.167 -0.365 0.057 -0.271
fast 0.221 -0.172 0.109 -0.213 -0.265 -0.221 -0.021
access 0.257 0.105 0.097 0.002 -0.131 -0.031 0.237
pulsa 0.086 -0.095 -0.137 -0.097 -0.068 -0.138 -0.183
bonus 0.053 -0.082 0.134 0.141 0.245 -0.273 -0.233
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Dominant Variables from Principal Component Analysis
Principal Component 1
The components in PC 1 are formed from 33 text-mining variables that have been obtained
previously. These variables can be simplified based on the results of vector loading in
Table 3, which considers a few variables, but the dominant variables can compose the com-
ponents. The dominant variables that form PC1 include ‘smartfrenworld’, ‘4g’, ‘unlimited’,
‘network’, ‘internet’, ‘signal’, ‘telkomsel’, ‘cheap’, ‘bad’, ‘interference’, ‘fast’, ‘access’, and
‘credit’.
Principal Component 2
The dominant components that form principal component 2 include ‘smartfrencare’, ‘ser-
vice’, ‘obstacle’, ‘modem’, ‘location’, ‘application’, ‘wifi’, ‘promotion’, ‘interference’, and
‘fast’. The variables ‘smartfrencare’, ‘service’, ‘obstacle’, and ‘modem’ are more dominant
in forming PC2 compared to other PCs. There are several variables, such as ‘location’,
‘voucher’, ‘application’, and ‘promotion’, that not only form PC2 but also dominantly form
other PCs.
Principal Component 3
The dominant components that form principal component 3 include ‘4g’, ‘smartfrenworld’,
‘unlimited’, ‘location’, ‘application’, ‘telkomsel’, ‘access’, and ‘pulsa’.
Principal Component 4
The dominant components that form principal component 4 include ‘smartfrenworld’,
‘bolt’, ‘package’, ‘internet’, and ‘application’.
Principal Component 5
The dominant components that form principal component 5 include ‘4g’, ‘package’, ‘inter-
net’, ‘voucher’, ‘price’, ‘promotion’, ‘cheap’, and ‘coverage’.
Principal Component 6
The dominant components that form principal component 6 include ‘city’, ‘mifi’, ‘ugly’,
‘access’, and ‘bonus’.
Principal Component 7
The dominant components that form principal component 7 include ‘signal’, ‘voucher’,
‘speed’, ‘range’, and ‘bonus’.
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3.3 Mathematical Model of Principal Component Analysis (PCA)

The mathematical equation of variable X is formed based on the dominant variables of the
principal component values as follows:

fPC1 = 0.311(4g) + 0.292(smartfrenworld) + 0.276(unlimited) + 0.216(network)
+ 0.247(internet) + 0.213(signal) + 0.195(telkomsel) + 0.223(interference)
+ 0.176(bad) + 0.221(fast) + 0.257(access) + 0.258(credit) (3)

fPC2 = 0.303(smartfrencare) + 0.474(service) + 0.264(obstacle) + 0.329(modem)

+ 0.205(location)− 0.325(voucher) + 0.212(wifi)− 0.232(promotion)
+ 0.206(interference) (4)

fPC3 = −0.281(service)− 0.334(unlimited) + 0.359(location) + 0.185(application)
− 0.277(telkomsel) + 0.295(access)− 0.174(credit) (5)

fPC4 = −0.239(smartfrenworld) + 0.128(bolt) + 0.536(package) + 0.257(internet) (6)
+ 0.225(application) (7)

fPC5 = 0.205(4g) + 0.251(package)− 0.285(internet) + 0.273(voucher) + 0.234(price)
+ 0.290(promotion)− 0.387(cheap)− 0.365(coverage)− 0.077(fast)
− 0.153(access) + 0.022(credit) + 0.245(bonus) (8)

fPC6 = 0.322(city)− 0.374(mifi)− 0.018(bad)− 0.153(access) + 0.245(bonus) (9)

fPC7 = 0.143(signal) + 0.343(voucher)− 0.508(speed)− 0.271(reach)− 0.233(bonus)
(10)

Furthermore, for each main component, a linear equation will be built against the Z
variable as an indicator of company performance (stock index) [33].

Zi = ai,0 + ai,1 × PCi,j + Ei (11)

where Zi is the success indicator, ai,0 and ai,1 = constants Ei = error

3.4 Linear Equation of Principal Component Analysis (PCA)

The prediction model formulation process is built based on a linear approach involving
variables X and Y . Variable X is the result of a mathematical equation of the principal
components formed from Twitter data variables (shown from the equation function fPC1
to fPC7), and variable Y is obtained from company performance indicators. This study
analyzes five predictable Y variables, including the price index (open, high, low, close) and
stock volume.

The equation produced by the Principal Component Analysis model is used as the X
variable for thirty-three periods of historical stock data by entering the variable values into
the PCA equation formed (equation function fPC1 to fPC7). The results of the calculation
of each principal component value are shown in Table 5. Furthermore, a linear equation
of each principal component in Table 5 will be formed against the normalized value of
company performance in Table 6.
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Table 5: The value of Principal Component Analysis (PCA)

Periode PC1 PC2 PC3 PC4 PC5 PC6 PC7

1 0.189512 0.803133 -0.66383 0.823459 0.380801 -0.32926 -0.31298
2 0.530555 0.914159 -0.43584 0.605631 0.354658 0.225591 -0.67925
3 1.357038 1.662369 -0.32805 1.295552 0.564369 0.08506 -0.01556
4 0.411450 0.569557 -0.07487 0.736012 0.367354 0.137648 -0.31233
5 0.512643 0.762765 -0.25913 0.329899 0.214272 0.074554 -0.09425
6 0.340984 0.661639 -0.23576 0.113073 0.227197 0.310181 -0.32827
7 0.444076 0.575995 -0.24888 0.353515 0.389328 0.091058 -0.33818
8 0.983750 0.443924 0.22417 0.762296 0.340834 0.564623 -0.62370
9 1.341572 0.484137 0.14319 0.756165 0.480119 0.469120 -0.25941

10 1.466402 0.321845 0.30471 0.837747 0.244194 0.557617 -0.23673
11 1.017967 0.221401 0.37154 0.549878 0.233854 0.346870 -0.16189
12 0.662974 0.143907 0.23053 0.372313 0.192434 0.366371 0.09356
13 1.249060 0.013203 0.50519 1.204998 0.757455 0.069854 -0.44677
14 1.381877 0.163154 0.30208 0.882215 0.527423 0.245883 0.05904
15 1.286849 -0.08290 0.33352 1.097329 0.827729 0.124074 0.03962
16 1.025152 -0.12603 0.24565 0.713615 0.595577 0.099245 -0.16393
17 1.312837 0.206150 0.33260 0.588031 0.473025 0.185236 -0.29784
18 0.943857 0.141244 0.29938 0.140488 0.391668 0.060923 -0.06967
19 0.959154 0.203763 0.32324 0.124916 0.025152 0.330666 -0.46535
20 1.048536 0.110029 0.25999 0.187136 0.282245 0.280539 -0.45587
21 1.551848 0.293436 0.54724 0.880953 0.164751 -0.051880 -0.89563
22 1.949559 -0.33729 -0.60068 1.446578 -0.75776 0.152239 -0.26773
23 1.003050 -0.10967 -0.12159 0.532562 -0.02311 0.032660 -0.16446
24 0.717143 -0.11906 0.14819 0.382231 0.103428 0.100414 -0.23471
25 0.780826 -0.06190 0.13027 0.278736 0.209717 0.027888 -0.24208
26 1.192346 -0.38962 -0.28710 0.457084 0.702312 -0.271720 -0.15364
27 2.067697 -0.20335 -0.80149 0.300251 0.854688 0.472388 -0.95393
28 3.502444 1.426407 0.12118 0.051709 0.213402 0.114485 -0.10093
29 2.269640 -0.36228 -0.91137 0.253378 0.575773 0.269453 0.06662
30 1.626458 0.075155 0.10686 0.627191 0.363737 -0.549640 -0.59019
31 1.295270 0.093658 0.01204 0.358895 0.318761 -0.403160 -0.06958
32 1.524681 0.570909 0.31785 0.341733 0.173417 0.127902 -0.11193
33 1.732009 0.651060 0.55704 0.321270 0.237979 -0.394980 -0.54592

Table 6: The normalization of company performance (stock index)

Open High Low Close Adj Close Volume

0.00 0.00 0.00 0.00 0.00 0.49
0.06 0.01 0.07 0.02 0.02 0.27
0.08 0.08 0.09 0.09 0.09 0.48

Continued on next page
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Table 6 – continued from previous page

Open High Low Close Adj Close Volume

0.14 0.18 0.15 0.17 0.17 0.48
0.21 0.49 0.24 0.48 0.48 1.00
0.53 0.65 0.47 0.70 0.70 0.79
0.67 0.89 0.73 0.77 0.77 0.96
0.78 0.93 0.83 0.87 0.87 0.66
0.88 0.86 0.85 0.79 0.79 0.23
0.81 1.00 0.88 0.99 0.99 0.37
0.98 1.00 0.94 0.94 0.94 0.28
0.94 0.99 0.98 0.89 0.89 0.26
0.91 0.87 0.66 0.66 0.66 0.27
0.66 0.67 0.63 0.65 0.65 0.19
0.66 0.75 0.74 0.80 0.80 0.14
0.81 0.90 0.88 0.88 0.88 0.30
0.88 0.91 0.97 0.92 0.92 0.19
0.91 0.94 0.98 1.00 1.00 0.22
1.00 0.98 0.68 0.65 0.65 0.24
0.67 0.73 0.66 0.78 0.78 0.15
0.81 0.78 0.85 0.78 0.78 0.09
0.78 0.73 0.87 0.78 0.78 0.00
0.79 0.93 0.88 0.90 0.90 0.19
0.90 0.93 0.97 0.93 0.93 0.15
0.91 0.94 1.00 0.93 0.93 0.13
0.94 0.92 0.96 0.91 0.91 0.08
0.91 0.89 0.97 0.89 0.89 0.06
0.90 0.90 0.97 0.88 0.88 0.09
0.88 0.85 0.48 0.43 0.43 0.95
0.46 0.40 0.35 0.33 0.33 0.85
0.37 0.29 0.28 0.30 0.30 0.26
0.33 0.31 0.34 0.31 0.31 0.33
0.35 0.29 0.35 0.28 0.28 0.13

3.5 Principal Component Regression (PCR)

Table 6–Table 10 shows the linear relationship between the principal component results and
the stock index variables that produce the R-value. The principal component analysis ap-
proach from Twitter data yields a fairly good R-value for predicting company performance
based on the stock index indicator. The correlation value is shown by the R-value for each
principal component (PC1 to PC7) in Table 7–Table 11. The results of the principal compo-
nent analysis approach show that there is at least one principal component that can be used
for prediction, indicated by the R-value of more than 0.5, based on Table 7 and Figure 4 in
PC2. This is supported by PC2, which provides the best R-value for each variable that pre-
dicts stock prices with an R-value of more than 0.5. PCA is powerful and highly valuable
for specific purposes, primarily dimensionality reduction and data visualization. Thus,
the most appropriate principal component for predicting company performance variables
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(stock price index) is equation 2, and for predicting company performance variables (stock
volume), it is equation 3. This is in line with research [34] The best regression results are
not always based on the highest eigenvalue. The linear Principal Component Regression
equation and R-value are shown in Table 7–Table 11.

Table 7: Principal component regression (stock index-open)

Open

Principal Component PCR R

PC1 y = 0.1499x+ 0.4834 0.321
PC2 y = −0.3807x+ 0.7758 0.595
PC3 y = 0.2228x+ 0.6579 0.286
PC4 y = −0.1542x+ 0.751 0.181
PC5 y = −0.0182x+ 0.6697 0.017
PC6 y = 0.4458x+ 0.6106 0.395
PC7 y = 0.0381x+ 0.6744 0.033

Table 8: Principal component regression (stock index-high)

High

Principal Component PCR R

PC1 y = 0.0962x+ 0.5811 0.198
PC2 y = −0.3578x+ 0.8022 0.537
PC3 y = 0.2292x+ 0.691 0.283
PC4 y = −0.1811x+ 0.7995 0.204
PC5 y = −0.0208x+ 0.7038 0.020
PC6 y = 0.5594x+ 0.6304 0.476
PC7 y = 0.0981x+ 0.7246 0.081

Table 9: Principal component regression (stock index-low)

Low

Principal Component PCR R

PC1 y = 0.1312x+ 0.5 0.267
PC2 y = −0.3458x+ 0.7596 0.514
PC3 y = 0.2563x+ 0.6511 0.313
PC4 y = −0.1161x+ 0.7235 0.130
PC5 y = −0.0823x+ 0.6852 0.075
PC6 y = 0.4567x+ 0.6035 0.385
PC7 y = 0.029x+ 0.6659 0.024
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4 Discussion

Principal Component Relationship Analysis with Company Performance Indicators
(Stock Index)
The principal component analysis with the best and most appropriate R-squared value
for predicting the stock price index variable is shown by principal component 2 (shown
in Table 7–Table 11). The results of the component analysis involve thirty variables from
the Twitter social media that are considered related to various customer reviews of the
company’s performance. The involvement of all these variables provides better prediction
results. However, the involvement of many variables will provide more complexity to the
equation, such as causing data search and collection to be complicated or take a long time.
The results of the dominant variables in the previous analysis can be used as variables con-
sidered in building a simpler mathematical model for each main component formed. The
correlation analysis of Twitter data against the stock index is shown in Figure 4. The results
of the linear equation analysis shown by the Twitter data variable against company per-
formance (stock index) show that the analysis of Twitter social media data can be used to
predict company performance through five stock index indicators quite well, as indicated
by the R-squared results of more than 0.25. This shows that the correlation between the
two variables is more than 50%.

Furthermore, from the five stock index indicators, four indicators were predicted well
between Twitter data and stock prices (open, high, low, and close) with strong or moderate
correlation strength using the principal component equation 2 and moderate correlation is
shown from Twitter data against stock sales volume indicated by the principal component
3. The principal component analysis approach from mining Twitter data has the potential
to evaluate company performance in the stock market and can even be used for prediction
purposes. In the research of Song et al. [35] also identified investor sentiment indicators
to predict stock volatility in the Chinese stock market, which obtained the results of char-
acterizing investor sentiment with good performance. Previous research also showed the
importance of financial data such as stock prices are rich time series data that contain valu-
able information for investors and financial professionals, and a study was also conducted
with the aim of investigating the integration of PCA and deep learning models into the
Turkish stock market using indicator values and to assess the effect of this integration on
market prediction performance [36].

Prior research has similarly employed the PCA approach for stock market forecasting,
shown by the study conducted by Srijiranon et al. [37]. A hybrid prediction model, termed
PCA-EMD-LSTM, was developed in that study, integrating principal component analysis
(PCA), empirical mode decomposition (EMD), and long short-term memory (LSTM) to
forecast the closing price of the stock market in Thailand one step ahead. Additionally, the
research conducted by Song et al. [35] developed investor sentiment indicators to forecast
stock volatility in the Chinese stock market, demonstrating effective results in character-
izing investor sentiment with commendable performance. Prior research has shown that
financial data, particularly stock prices, constitute rich time series data that provide signif-
icant insights for investors and financial professionals. Additionally, investigations were
conducted to explore the amalgamation of PCA and deep learning models within the Turk-
ish stock market, utilizing indicator values, and to evaluate the impact of this integration on
market prediction efficacy [36]. This research employs social media data as an alternative
to stock market data, which has been utilised in numerous nations to discover and pre-
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dict corporate performance. This study shifts the focus from prior research, which aimed
at forecasting the stock market using historical data beneficial to investors, to identifying
company performance derived from multiple online consumer opinion surveys on social
media, utilising performance metrics, namely the stock market. This study’s contribution
is made clear through the use of online social media data to assess company performance
based on stock market success metrics and to extract public data from Twitter.

(a) Open (b) High

(c) Low (d) Close

(e) Volume

Figure 4: Relationship between principal components and company performance indica-
tors (stock index)
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Table 10: Principal component regression (stock index-close)

Close

Principal Component PCR R

PC1 y = 0.0735x+ 0.5688 0.157
PC2 y = −0.3168x+ 0.7505 0.492
PC3 y = 0.2574x+ 0.6506 0.329
PC4 y = −0.1363x+ 0.7345 0.159
PC5 y = −0.0617x+ 0.6778 0.059
PC6 y = 0.498x+ 0.598 0.439
PC7 y = 0.0747x+ 0.6783 0.064

Table 11: Principal component regression (stock index-volume)

Volume

Principal Component PCR R

PC1 y = −0.127x+ 0.4943 0.293
PC2 y = 0.1472x+ 0.2982 0.247
PC3 y = −0.2421x+ 0.3477 0.335
PC4 y = −0.1058x+ 0.4015 0.133
PC5 y = 0.1147x+ 0.3033 0.119
PC6 y = −0.0189x+ 0.3438 0.017
PC7 y = 0.0959x+ 0.3686 0.089

5 Conclusion

This study presents a method for extracting information from various customer opinions
on Twitter social media regarding company performance in the stock market. This study
aims to analyze and find the role of data mining in the use of abundant data (big data) from
social media such as Twitter on company performance. This study uses Text Mining, Prin-
cipal Component Analysis (PCA), and Principal Component Regression (PCR) approaches
to predict company performance. Thus, the novelty of this study is the use of big data from
customer reviews to predict company performance and using PCA and PCR as analysis
techniques. One of the telecommunications industries is used as a case study in this study,
and mining Twitter social media data that correlates with company performance parame-
ters, namely the stock market index (price-low, high, open, close, and sales volume).

The results of the study found a grouping of words into principal components, which
then correlated with company performance, namely the stock price index. The results of
the main components formed show that there is at least one equation that is quite strongly
correlated to company performance in the stock market, which is indicated by the R and
R-squared values. Thus, data from Twitter’s social media has the potential for predictive
analysis of company performance, especially in the stock market, using a text mining and
principal component analysis approach.

Furthermore, as many as thirty variables obtained from the Twitter social media analy-
sis are simplified based on the dominant variables that make up each principal component,
showing a simple equation compared to involving all variables, even showing a better cor-
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relation value to meet the objectives of forming the model. The linear equation of principal
component 2 is most appropriate for predicting stock prices, and principal component 3 is
most appropriate for predicting stock sales volume. Thus, the principal component anal-
ysis relationship model is not based on the highest eigenvalue but based on the highest R
and R-squared results.

Building upon this study’s successful application of Text Mining, PCA, and PCR to
predict telecommunication stock performance from Twitter data, future research should
aim to broaden the scope and refine the predictive power of the model. This involves
extending the methodology to diverse industries to assess its generalizability, integrating
a wider array of data sources beyond Twitter (e.g., other social media platforms, news
articles, traditional financial data) to enrich insights, and exploring more advanced natural
language processing (NLP) and machine learning techniques (such as emotion detection,
aspect-based sentiment analysis, and deep learning models like LSTMs or Transformers) to
capture more complex temporal and non-linear relationships.
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