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Abstract

The development and change that has taken place in the industry recently en-
tered a new phase in parallel with the developments in computer technology.
This phase is referred as Industry 4.0. With Industry 4.0, companies are work-
ing to take advantage of information technology to increase profitability and
productivity. Increasing use of social media in recent years has forced compa-
nies to show their presence on those platforms. Social media is a major source
of meaningful information for companies because it contains large amounts
of data. In this study, the top five companies operating in information tech-
nology (IT) research/consulting and the top five companies operating in en-
terprise resource planning (ERP) field were selected. Conclusions have been
made based on the analysis of the tweets related to Industry 4.0.
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1. Introduction

The concept of Industry 4.0 has emerged to express a new phase in industrial
transformation. As the name suggests, this concept refers to fourth industrial
revolution. The reason behind this definition is the advancement of today’s
computer technologies, which have started a new era in the industry.

The founder of World Economic Forum, Klaus Schwab [1] stated that having
a globally shared view about how technology is changing our lives is necessary,
as those changes are so profound they show great promise, but they may also
bring great peril. Brettel et al [2] pointed out that the concept of Industry 4.0
explains changes in the industrial world, however the term is being used in dif-

ferent contexts and does not have a clear definition. Current use of the term is
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insignificant and meaningless in some respects, as there is insufficient informa-
tion about the concept [3]. Moreover, the over-ambitious marketing of this con-
cept made it even more difficult to understand [4]. Sources referring to Industry
4.0 are repeating the same things in different ways. However, growing use of this
terminology can be counted as evidence of industrial development’s transition to
a new phase [5].

With the Industry 4.0, the industry has entered a new turn in the wake of the
emergence of the concept of big data. In today’s competitive business environ-
ment, companies face the challenges of making rapid decisions about big data
for improved productivity. However, many manufacturing systems are not ready
to manage big data due to the lack of intelligent analytical tools [6]. In the recent
years, there has been increased interest in the potential of big data & analytics
concepts to improve organizational performance and these concepts have started
to become very popular in the literature of both management science and in-
formation science [7].

In this study, social media analysis was conducted to compare the two differ-
ent fields in IT sector about their perspective on Industry 4.0. For this purpose,
Twitter was chosen as a social media platform as it contains vast amounts of un-
structured data. Firstly, existing literature related to Industry 4.0 such as busi-
ness intelligence & analytics, decision making, social media and text mining are
discussed. Following data collection process, dataset structure and Twitter anal-

ysis are explained in method section and finally results of the analysis are shown.

2. Literature Review

“Industry 4.0 includes a wide range of concepts, including different perspectives,
industries, technologies and areas.” [8] The idea behind Industry 4.0 comes from
the first three industrial revolutions, which were mechanization, electricity and
computer and automation [9]. Future-oriented technologies in the areas of in-
ternet technologies and “smart” objects (machines and products) are causing a
new fundamental paradigm shift in industrial production [10]. Because of this
paradigm shift, some challenges about data management and decision-making
have arisen [11] [12]. Industry 4.0 is a “response” to those increasing challenges
of computerized decision-making and big data [13].

Industry 4.0 is associated with many concepts such as Embedded Systems, In-
ternet of Things and Cyber-Physical Systems [5] [13]. Many companies, organi-
zations, and universities work on different aspects of Industry 4.0 although there
are four requirements as pre-conditions for industrial acceptance, which are; in-
vestment protection, stability, data privacy and cybersecurity [4]. For Germany,
the aim of the Industry 4.0 project is to prepare for the future of manufacturing
of the German industry [14]. In the future vision of production, efficient manu-
facturing systems are crucial since these systems define scenarios in which
products control their own production processes [10].

Cyber-Physical Systems have become quite popular in the literature recently,
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especially in the fields of computer science and manufacturing. Cyber-Physical
Systems include intelligent machines, storage systems and production facilities
capable of sending and receiving information autonomously, units that can act
and control each other independently [15]. Cyber-Physical Systems make huge
amounts of raw data important for manufacturing and provide opportunities for
real-time management of processes [16].

Bauer et al. [17] concluded that mobile devices and social media are part of
Industry 4.0 since the manufacturing environment is leading to real-time trans-
parency, which will make production control, and management processes more
flexible. This “digital transformation” can be challenging for the companies
however, many companies are already started their journey to transformation
since they provide interactive websites, improved customer service and so on
[18]. Westerman and McAfee [19] found out that large businesses use embedded
systems, mobile analytics and social media to change customer engagement, in-
ternal operations and even their business models. “T'witter acquired the social
data aggregator Gnip as part of Twitter’s strategy to create a new service that in-
tegrates social and mobile data with analytics to provide real-time business intel-
ligence.” [20]

The business intelligence begins with the extraction of data, depositing in
warehouses; then the decision-maker uses decision-support systems to extract
data from the data warehouse, and decision maker makes an action plan based
on this information [21]. In fact, the aim of business intelligence is making op-
erational data valuable by analysis and to provide the necessary data to decision
makers [22]. McAfee and Brynjolfsson [23] found that not every company is da-
ta-driven in decision-making, but companies that defined themselves as da-
ta-driven in the analyses provided better results in financial and operational is-
sues and on average 5% more productive than other companies. According to Bi
et al. [24] from the data management perspective, the Management Information
Systems for the next generation manufacturing enterprises are facing two situa-
tions: 1) increased costs due to the complexity of the system and the need for
rapid decision-making; 2) waste of time and resources for communications
when the data are shared with other units [20]. In addition to this, machine
learning algorithms can be used to find out the causes of statistics, trends, and
links that the business analytics reveals and through these algorithms patterns
can be uncovered [7]. Advanced analytics and artificial intelligence give compa-
nies new abilities to draw insights from huge amounts of data [25]. A research
conducted by Accenture [26] found out that artificial intelligence has an impact
on administration, decision-making and innovation as 86% of managers say that
they need help from intelligent systems when monitoring and reporting.

Business analytics is a layer of services for direct decision-making and is an
extension of the “information systems” which is a fundamental interdisciplinary
research area [27]. Business intelligence allows managers to make sensible deci-

sions about the management of the company. Decisions made with business in-
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telligence create processes that are more efficient; thus, they create a competitive
advantage [28]. In the recent past, manufacturing companies have been late for
adopting advanced data warehousing and business intelligence solutions; but
they have attempted to use business intelligence in order to reduce cycle time
and waste in manufacturing [29]. Business intelligence and business analytics
serve the same purpose but their definitions are different. Business intelligence
focuses on reporting while business analytics is statistical and future-oriented.
These concepts are elements of a larger concept named “big data” [30]. The
emerge of social networks such as Twitter and Facebook, plus the developments
in mobile connectivity such as smart phones and tablet devices have resulted an
explosion in data which now requires business analytics to take full advantage of
it [18]. There are various data formats in social media platforms such as texts,
videos, images so on. For this reason, mining data from social media has become
extremely important.

Twitter is a social media platform and a microblog founded in 2006 [31]. In
Twitter, information spreads in the form of Retweets [32]. Information shared in
short texts in microblogs and this makes microblogs important for text mining
[33]. Additionally, microblogs are valuable source of people’s opinions since
many people use those platforms [34]. On Twitter, users connect through
#hashtags on specific topic(s).

3. Data Collection and Data Pre-Processing

Five companies operating in the field of IT research & consulting and five com-
panies in ERP were selected. Selected IT research companies are Gartner, IBM,
Forrester, Thomson Reuters and Nielsen Media. Selected ERP companies are
SAP, ORACLE, Microsoft, Infor and Epicor. Separate data sets for both fields
were created and tweets from the official twitter accounts of companies were

collected.

3.1. Twitter Accounts

The official Twitter accounts of the companies that make up the datasets are

given in Table 1.

3.2. Data Collection

The Twitter API service [35] was used to create the datasets. As shown in Table
1, a total number of 10 twitter accounts were used. Tweets were obtained sepa-
rately from each account and depending of the field of companies tweets were
collected in two datasets independent from each other. In dataset, each row con-
tains 16 properties, which are text, favorited, favorite Count, replyToSN, created,
truncated, re-plyToSID, id, replyToUID, status Source, screen Name, retweet
Count, is Retweet, re-tweeted, longitude, and latitude. An example is shown in
Figure 1.

Table 2 shows the number of tweets in each dataset and the date range that
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Table 1. Twitter accounts.

Account Details

Field Company Name Twitter Account
Gartner @Gartner_inc
IBM @IBM
Research & Consulting Forrester @forrester
Thomson Reuters @thomsonreuters
Nielsen Media @Nielsen
SAP @SAP
ORACLE @Oracle
Enterprise Resource Planning (ERP) Microsoft @msftdynamics365
Infor @Infor
Epicor @Epicor

Table 2. Details of datasets.

Date Interval of

Field A t Count of Tweet
ie ccoun Created Tweets ount of Tweets
@Gartner_inc 20.05.2017-26.01.2017 396
@IBM 19.05.2017-06.04.2017 75
Research &
. @forrester 19.05.2017-26.09.2016 547
Consulting
@thomsonreuters 19.05.2017-20.04.2017 104
@Nielsen 19.05.2017-24.09.2016 495
@SAP 10.03.2016-20.05.2017 1666
. @Oracle 19.05.2017-01.05.2017 74
Enterprise
Resource @msftdynamics365 19.05.2017-04.11.2016 236
Planning (ERP)
@Infor 19.05.2017-24.12.2016 181
@Epicor 19.05.2017-15.05.2016 216
text favorited | favoriteCount | replyToSN created
1 "#Oracle is committed to tennis,” says @MarkVHurd... FALSE a7 NA 2017-05-16 22:30:22
2 "Anything less than real-time is wasted time" - do you... FALSE 18 NA 2016-07-25 15:10:01
3 "Be at the right place at the right time" isn’t just ass... FALSE 6 NA 2016-08-18 19:31:01
4 "Buyers are beginning to favor convenience &amp; e... FALSE 5 NA 2017-01-27 19:00:05
5 "Cloud productivity boom"— Resources that used to b... FALSE 3 NA 2017-05-03 23:14:14

Figure 1. Example dataset for ERP companies.

tweets were posted. The creation date of each timeline for all accounts are dif-

ferent which is why the user Timeline function in twitter R package gives differ-

ent date interval of created tweets for each timeline. Twitter allows obtaining a

maximum number of 3200 tweets for each twitter account, which causes a limi-

tation in this study. Furthermore, the Twitter API service does not allow obtain-

ing tweets on a specific date range [36]. For this reason, the date range and

number of tweets in datasets are different from each other.
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3.3. Data Preparation

The punctuation marks, numbers, links, blanks, pauses and irrelevant words
were cleared from the tweets before they were analyzed in the dataset, as those
would affect the results of this study.

R packages such as httr, devtools, twitteR, base64enc, xIsx, tm, sentiment 140,

sentiment, topic models and ggplot2 were used in the analysis [37]-[46].

4. Method

In this study, text-mining analysis is performed by using R programming lan-
guage [47]. R Studio software is used for all analysis [48]. Tweets were obtained
from the official Twitter accounts of the specified companies and they were
clustered in separate dataset according to business fields of the companies. As
stated in the data preparation step, various clearing procedures have been ap-
plied to tweets to ensure that all results are reliable. After this phase, word fre-
quencies were obtained and depending on the field of the selected companies,
frequently used words were found to create a list of top frequent words for each
field. Besides, the words related to (associations) Industry 4.0 were examined.

The words presented in Table 3 were searched in the clustered tweets, which
are clustered according to the business fields. Then, the tweets which are related
with the words presented in Table 3 were transferred to two separate datasets
for each field.

“In machine learning and natural language processing topic models are ge-
nerative models which provide a probabilistic framework for the term frequency
occurrences in documents in a given corpus.” [45] From this point of view, topic
modelling was performed on the transferred tweets. Furthermore, Dickinson
and Hu [49] stated that sentiment analysis focuses on opinions of speakers on a
particular topic. Therefore, sentiment analysis was performed on the transferred

tweets to reveal the polarity of the tweets related to Industry 4.0.

5. Findings
5.1. Top Frequent Words

The word frequencies in the tweets of both fields that contain words related to
Industry 4.0, which is given in Table 3, are identified and the five most fre-

quently used words are presented in Table 4.

5.2. Topic Modelling

The topic modelling was performed with tweets that contain words related to

Table 3. List of words related with Industry 4.0.

Words

Industry 40, industry 40, Industry 4.0, Industry 4.0, big data,
bigdata, machine learning, machinelearning
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Industry 4.0 in each field. The topic models for each field are presented in Fig-

ure 2 and Figure 3.

5.3. Sentiment Analysis

The tweets for each field are classified as positive, negative and neutral and the
results of the sentiment analysis are presented in Table 5.

As shown in Table 5, ERP companies shared more neutral tweets than re-
search and consulting companies. The counts of negative tweets for both field

are equal.

6. Discussion and Conclusions

The obtained results show that ERP companies used the words “machine”,

» o« » <«

“learning”, “data”, “big” and “learn” while tweeting about Industry 4.0. In addi-
tion to that, the words “news”, “data”, “big”, “real” and “separate” came to fore-
front in the tweets that research & consulting companies tweeted about Industry
4.0. These results show that the both fields are aware of the “big data” concept,
which was discussed in the literature review of this study.

According to the results of the sentiment analysis, companies often share
tweets about Industry 4.0 with neutral polarity. This shows that shared tweets
have no positive or negative effect on the users.

This study is limited to total 10 companies selected from the IT sector in the
fields of research & consulting and ERP. Furthermore, only Twitter is used as a

social platform and limited data could be obtained. Future studies can be done

Table 4. Top 5 frequent words.

Field Term Frequency
news 5
data 4
Research & Consulting big 3
real 3
separate 3
machine 22
learning 20
Enterprise Resource Planning (ERP) data 15
big 12
learn 9

Table 5. Results of sentiment analysis.

Polarity
Field
Positive Negative Neutral
Research & Consulting - 1 10
ERP 1 1 44
DOI: 10.4236/sn.2017.64017 257 Social Networking
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2.0-
1.5 term(topic]
.accounting, amp, big, cto, data, discusses, retooling
.become, bigdata, businesses, faster, fleeter, four, insightsdriven
'_é- .become, bigdata, businesses, insightsdriven, 12, 2020, insightsdriven analytics
% 1.0- .big, data, can, adveising, decisions, director, help
o .data, big, fix, industrys, pain, points, problems
.fix, 1, ditch, etbackup, itbigdata, pm, webinar
media, noise, social, news, machinelearning, ai, real
news, tracer, uses, separate, real, discover, fake
0.5-
0.0-
! ! \
Mar Apr May
date

Figure 2. Topic model for research & consulting companies.

0.04-
term[topic]
.big, analytics, data, competition, cou, wta, learn
0.03- .big, data, analytics, creating, sap, machinelearning, world
> .da’(a, big, machine, business,revolution, customers, greatest
g .data, machinelearning, sap, big, enterprise, Intelligent, amp
8 0.02- .Iearning, machine, amp, learn, business, data, tech
’ -machine, heres, learning, human, change, advances, interpreters
machine, learning, insights, learn, take, service, machinelearning
machine, learning, want, bigdata, learn, time, customers
0.01-
0.00-
Jul Oct Jan Apr
date

Figure 3. Topic model for ERP companies.

on different social platforms, on different number of companies about Industry
4.0.
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