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Abstract. The dynamic nature of the technologies associated with the fourth
Industrial Revolution (4IR) presents complex scenarios for researchers, practition-
ers andpolicymakers alike.To this end, reachingdecisions such aswhat technology
to invest/train in could be made easier through a 4IR technology trend predictive
tool. In this paper, we apply Latent Dirichlet Allocation (LDA) topic model to
identify and predict trends in 4IR technologies. The LDA models were devel-
oped and trained using text composed of abstracts, titles and keywords retrieved
from 11,7314-IR related to the 2012 to 2022 publications in the Web of Science
database. The effectiveness of the resulting tool was then evaluated using text
from email message distributed to subscribers of the IEEE’s Tccc-announce mail-
ing list. From the results, our model correctly identifies trends in the following
4IR technologies and applications domains: Internet of Things, Artificial Intel-
ligence/Machine Learning, Big Data/Data Analytics, Augmented Reality, Smart
Manufacturing, Supply Chains, Sustainability and Circular Economy. By plotting
and visualizing these trends over time (2019 to 2022), the validation text confirms
our tool’s ability to identify the trajectory developments as identified by other
similar tools such as Bibliometric Analysis.

Keywords: Latent Dirichlet Allocation (LDA) · Fourth Industrial Revolution
(4IR) · Technology Trends · Bibliometric Analysis and Topic Models

1 Introduction

1.1 An Overview of the Fourth Industrial Revolution

Compared to previous industrial revolutions, the fourth industrial revolution (4IR) has
received tremendous attention in its short period of existence [1–3]. The main differen-
tiator of 4IR from the other three industrial revolutions, is the adoption of cyber-physical-
systems (CPS) [4]. This is because CPS supports seamless integration of physical and
computational worlds, which in turn enables the implementation of features such as
adaptability, safety, security and scalability. While the research community has pro-
duced large number of publications that documents developments in systems, business
models andmethodologies, 4IR has received equal attentionwithin the business commu-
nity seeking to better the world of business through smarter, efficient, adaptive, secure
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products/services and environments [3]. Prior to 2020, 4IR was mostly associated with
digital integration and intelligent engineering while its top components were CPS, addi-
tive manufacturing, virtual and augmented reality, cloud computing, big data analytics
and data science.

The core enabling technologies of 4IR include: (1) internet of things (IoT) and
related technologies such as Radio-frequency identification (RFID), sensors, actuators,
mobile devices (and associated communication technologies such as Wi-Fi, Near-Field
Communication (NFC)); (2) cloud computing; (3) CPS; and (4) industrial integration,
enterprise architecture and enterprise application integration that every organization
requires in order to transit to 4IR. In the latter, new business models are required in order
to support the inevitable integration of 4IR. According to Xu et al. [4], these integrations
will trigger changes in enterprise architecture, ICT integration and processes.

In terms of 4IR’s application domains, smart manufacturing sector has dominated -
with applications such as digital twin shop-floor [5], intelligent manufacturing [6, 7] and
CPS inmanufacturing [8]. There are alsomany applications in the logistics sector in form
of smart supply chain, with examples such as those reported in [9–11]. In the last three
years (2020 onwards), the focus of 4IR research includes innovative and businessmodels
[12–14], blockchain technologies [15, 16], application of augmented reality [17, 18] in
different domains, human factors [17, 19–21] and sustainability [20, 21]. In relation to
business models and sustainability, digital platforms [12, 22, 23] and circular economy
[24, 25] are two strongly emerging areas.

The use of bibliometric analysis as way to identify trends from literature is widely
documented [26, 27], even in the 4IR sub-field [2, 24, 28]. For instance, in Muhuri
et al. [2], the authors carried out a bibliometric analysis of publications from the Web
of Science (WoS) and Scopus databases using the search phrase “Industry 4.0” based
on publications dating until 2017. However, research that uses topic models to assess
trends in 4IR are limited [29, 30]. This is the gap this paper aims to fill.

1.2 Topic Modeling

In general, topic modeling aims to demonstrate inter-links in discrete data by discov-
ering structural relations and meaning in voluminous information and data [31, 32].
Application domains for topic modeling span all spheres of life, for example, in political
sciences and medical sciences. Others are in source code analysis, opinion and aspect
mining [32]. Topic modeling finds its empirical grounding is in computer science’s sub-
fields of text mining and natural language processing. Topic modelling tools support
statistical analysis of collection of documents [31]. The basic assumption is that a topic
is a list of words where the latter refers to unstructured text from sources such as email,
tweets and books. Topic models assume any part of the text is combined by selecting
words from probable baskets of words – each basket in this case corresponds to a topic.

1.3 Latent Dirichlet Allocation (LDA)

Latent Dirichlet Allocation (LDA) is one of the most popular technique for topic mod-
elling [32]. Furthermore, LDA is a probabilisticmodel of corpus inwhich each document
is represented as a probabilistic distribution over Latent topics. In other words, each topic
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is a distribution overwords and a document is amixture of topics. For a given application,
the topic distribution in all documents share a common Dirichlet prior. Mathematical
representation of the main terms (Corpus, Document, Topic and Number of Words) can
be found in publications such as these ones [30–37]. One of the strengths of LDA is
its ability to work with very large corpus and to identify sub-topics for technology area
composed of many sub-topics. LDA achieves this by first generating terms in a set of
documents then going further to generate a vocabulary to discover hidden topics. Given
the nested nature of the 4IR topic, LDA was found to be the most appropriate. For
parameter estimation inference, LDA applies either expectation propagation, variational
method or Gibbs Sampling. Gibbs Sampling is the most commonly used; it employs the
Monte Carlo Markov-Chain algorithm. Besides, LDA is supervised learning algorithm
[32, 36].

LDA has been widely researched and has found intense application in social media
analytics [32]. Different extensions of LDA have also emerged over the years, each
with enhanced features. Some of these features include ability to capture correlation
among topics, to classify documents, analyse documents in different languages and to
analyse the temporal evaluation of topics in very large collection of documents. Some
examples of these extensions are: (1) Dynamic Topic Model (DTM), which can vision
the topic trend and (2) Labelled LDA (LLDA), which is supervised algorithm. Others
are (3) Maximum Entropy Discrimination LDA (Med LDA) [34, 35] which applies
hierarchical Bayesian Model concept and (4) Relational Topic Model (TRM) which
focuses on networks of text data. Besides, there is a wide range of tools and software for
implementing LDA modeling such as those listed in [32]. For this paper, the MATLAB
implementation of LDA was used.

1.4 Dynamic Topic Models

Over and above the function of LDA, dynamic topic models capture how the meaningful
patterns of words change over time [31]. In the implementation of Dynamic LDA (D-
LDA), the use of probabilistic time series allow the topics to vary smoothly over time.
The weakness of D-LDA has been reported as its inability to capture rare words as
well as long tail of language data [31]. This problem has however been solved through
Embedded TopicModel (ETM)where continuous representation of words ismade use of
[31, 38]. In [31], Dynamic ETM (D-ETM) [31] is introduced to address the problem that
ETM cannot analyse a corpus whose topics shift over time. D-ETM works by building
on word embedding topic models and dynamic topic models. Given the dynamic nature
of 4IR technologies, a variation of D-ETM is considered the best option.
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2 Data and Methods

2.1 Data Sources

The following two sources of data were used to extract the text for the LDA topic
modeling.

The TCCC-ANNOUNCE Archives. One of the functions of the IEEE’s Technical
Committee on Computer Communications (TCCC) is to provide the members with a
forum for technical discussions and interactions (https://tccc.committees.comsoc.org/)
[39]. To this end, the Committee runs mailing lists (https://tccc.committees.comsoc.org/
mailing-list/) such as the tccc-announce and tccc-discuss. The tccc-announce is used for
announcements related to on-topic call for papers (CFPs) and faculty or research job
openings. The key requirement for these announcements is to have a primary focus on
networking and communication. Consequently,most of the topics covered by these CFPs
cover the 4IR technologies. As of August 2022, the mailing list had 4,599 subscribers.
Besides, the author of this paper has been receiving these announcements since 2011.
The text data (typically containing emails of announcements) used in this paper was
retrieved from tccc-announce archive as follows:

• File 1 – a combination of 5 archive files consisting the List’s home at Columbia
University from 2001 to 2013

• File 2 – an export of selected (2019 to August 2022) of tccc-announce emails received
by the author.

Web of Science Core Collection. In order to identify the kind of research being car-
ried out under the general topic of Fourth Industrial Revolution (4IR), publications
were extracted from the Web of Science (WoS) core collection (https://clarivate.com/
webofsciencegroup/solutions/web-of-science-core-collection/) using the search phrase:
ALL = ((“4th industrial revolution” or “4IR” OR “Industry 4.0”) and (“technolo-
gies” or “technology”)). After applying filters such publication year (2012 to 2022)
and language (English), a total of 11,731 publications were extracted. From these, text
strings used for text processing in MATLAB were created by concatenating the follow-
ing headings: ArticleTitle, SourceTitle, BookSeriesTitle, BookSeriesSubtitle, Confer-
enceTitle, AuthorKeyword,KeywordsPlus, Abstract andMeetingAbstract. These entries
were stored in a comma separated value (CSV) file. A second file was exported in the
Research Information System (RIS) format and later used for Bibliometric Analysis
presented in Sect. 2.3

2.2 Text Pre-processing

The text data files were pre-processed using existing functions (e.g. preprocess-
Text(inputText)) in MATLAB. Through this, common pre-processing functions were
performed, including: converting data to lowercase, tokenization, erasing of punctuation
marks and Lemmatization. The flow of these steps is presented in Fig. 1 below.

https://tccc.committees.comsoc.org/
https://tccc.committees.comsoc.org/mailing-list/
https://clarivate.com/webofsciencegroup/solutions/web-of-science-core-collection/
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As shown in Fig. 1, the text files (e.g. “Tccc2010–2013.txt”) were converted to
strings of text, which were then passed over to the text pre-processing functions. The
‘remove stop words’ removes a list of stop words (such as “and”, “of”, and “the”) from
the input string. Given that the tccc-announce text files contains email announcements,
the frequency of occurrence for common written-speech words (such as “international”,
“conference”, “discussing”, “correct”, “grammar” “spelling”, “indicate” and “contribu-
tion”) was very high. Further, since such words would affect the results of analysing the
text using topic models, these words were manually identified and removed using the
function ‘removeWords’ as shown in step 4 in the Fig. 1 below.

Fig. 1. Text pre-processing steps followed

2.3 Bibliometric Analysis

Bibliometric analysis has been widely used as a quantitative method for studying differ-
ent aspects of research publications [26, 27]. One of these aspects is the identification
of the main research areas within a scientific field. On the other hand, one of the most
commonly used bibliometric analysis software is VOSviewer that is capable of creating
co-occurrence or co-authorship maps from network text files such Research Information
System (RIS) [40, 41]. For this paper, the bibliometric analysis was performed using
RIS file containing 11,577 publications from the WoS. The maps generated by the VOS
Viewer Software were used to determine the main technologies that were featured under
various themes of 4IR. To minimize the number of items included in the map, the min-
imum number of occurrence for a keyword was set at 10; this resulted in in 961 items
clustered in 11 clusters shown in Fig. 2 below. From this, the following themes are
identifiable:
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2.3.1 System Intelligence Design Aspects of 4IR Technologies

With 225 items, this constitutes the largest cluster and is represented by colour red
(in Fig. 2). The identified technologies are algorithms related to Artificial Intelligence,
Machine Learning, Deep Learning and Artificial Neural Networks. Further, the applica-
tions of these algorithms in domains such as smart manufacturing, digital twin, additive
manufacturing, 3-D printing, is depicted. Besides, the application of the algorithms in the
following dimensions is illustrated: classification, optimization, simulation, sustainable
manufacturing, data analysis, data mining, and predictive maintenance.

2.3.2 Adoption and Innovation in Emerging Technologies

This is the second largest cluster with 210 items and depicted in colour green in the
co-occurrence map. The dominant technologies include augmented reality, virtual real-
ity, autonomous vehicles and collaborative robotics. The focus is mostly on applica-
tion domains such as manufacturing, food industry, health and education. On the other
hand, the dimensions highlighted are automation, safety, flexibility, productivity and
digitalization.

Fig. 2. Bibliometric analysis map for the 2012 to 2022 WoS publications focusing on 4IR

2.3.3 Developments Within IoT

In third position is the blue cluster that has 208 items that relate to the evolution of the core
technology – Internet of Things (IoT). The highlighted baseline technologies are cloud
computing,wireless sensor networks,wireless communication and radio frequency iden-
tification (RFID). Alongside these supporting technologies are the overarching issues of
security, privacy and interoperability. The associated emerging technology included are
Industrial IoT (IIoT), Blockchain, 5G, edge computing and fog computing. Emerging
applications areas identified are smart city, smart grid and factory automation.
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2.3.4 Enhanced and Futuristic Business Management

Fourth in popularity is the cluster represented in colour red, which has 159 items. The
main management themes covered are smart supply chain management, lean produc-
tion, digital transformation (including ditigilization), big data analytics, business mod-
els (with a focus on small and medium enterprises (SMEs)), e-commerce, performance
management, integration, agility and servitization.

2.3.5 Technologies for Supporting Sustainability Agenda

At number 5, and represented by colour purple, are 90 items related to sustainability
frameworks and models. The items depict 4IR as a current and future catalyst for imple-
menting and managing sustainability. Some of the aspects include sustainable develop-
ment, sustainable supply chain, sustainable environment, cleaner production, renewable
energy, resilience, efficiency, risk management, reverse logistics, and emission reduc-
tion. As can be seen in Fig. 3 below, the theme of circular economy is strongly connected
in the map.

Fig. 3. Bibliometric analysis map for the 2012 to 2022 WoS publications focusing on circular
economy

2.3.6 Big Data and Related Systems

The next significant cluster (light blue)with only 39 items represensBigData, and related
technologies and systems such as Data Science, Intelligence and Context and Systems.
Due to many articles applying these technologies for studying the Covid-19 pandemic,
it is not surprising that ‘Cod-19’ emerged as term in this cluster. Due to its common
application in construction projects related to big data, the Building Information Model
(BIM) also featured strongly under this cluster.
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2.3.7 Other Minor Technologies

Themuch smallerCluster 7 (Orange) had26 items such asBlockchainTechnology, Smart
Logistics, Analytics, Evolution, and Opportunities. Clusters 8, 9, 10 and 11 had only one
item each, which are chain, digital manufacturing and product life cycle respectively.
Thesefive clusterswere not included in the subsequent text processing steps.Basedon the
remaining six clusters discussed above, the identified 4IR technologies and application
areaswere identified for further trend topicmodel analysis as discussed in the subsequent
sections of this paper.

2.4 Analysis of the WoS Text Data Using Topic Models

Latent Dirichlet Allocation (LDA) [32] model was applied to the pre-processed text as
depicted in Fig. 4 below and explained in the following paragraphs.

Step 1: Extraction CSV files from WoS: based on the Publication Year column,
the WoS publications were divided into 5 files containing 2211, 2802, 2364, 2669 and
1531 publications for years 2012 to 2018, 2019, 2020, 2021 and 2022 respectively. The
percentage distribution of the number publications for each of the five files is shown
in Fig. 5 below. This split was meant to create some form of time-series on which to
compare the developments in each of the 4IR technologies identified in Sect. 2.3 above.

1. Extract CSV files from WoS 
and split them into four:
• File 1: 2012 to 2018 publications
• File 2: 2019 publications
• File 3: 2020 publications
• File 4: 2021 publications
• File 5: 2022 publications

CSV 
Files

2. Pre-Process Text and 
Tokenization
• Read the csv file as a table
• Convert the text into strings
• Pre-process the text to 

generate tokenized documents

3. Fit latent Dirichlet 
allocation (LDA) Topic 
models
• Generate BagOfWords
• Determine optimal number of 
topics 

• Fit LDA Model e.g.
• Publications2012TO2019MDL

=fitlda(Publications2012TO201
9BagOfWords,numTopics, 
'Verbose',0)

LDA 
Models

4. Visualize Topic Models
•Extract top words, e.g.

• TopPublications2012TO2019Wor
ds=
topkwords(Publications2012TO20
19MDL,200,1)

• Extract and visualise Topic 
Mixtures using Topic Probabilities 
using:  bar charts, word clouds and 
heat maps

Fig. 4. LDA topic modelling steps followed
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Fig. 5. Distribution of WoS publications by year of publication

Step 2: Text Pre-Processing and Tokenization: Pre-defined MATLAB functions
for text pre-processing (preprocessTex() and removeStopWords()) were applied to each
of the 5 files.

Step 3: Latent Dirichlet allocation (LDA) Topic models: the resulting tokenized
documents (one for each publication in each of the 5 files) were then used to generate
bag of individual words (bagOfWords()) and two-words phrases (bagOfNgrams()). For
optimal performance, the number of topics were identified through goodness-of-fit of
LDA models with varying number of topics. This was achieved by calculating the per-
plexity of a held-out set of documents for each of the four files (excluding the 2012 to
2018 one). The lowest perplexity value was selected [37] as this indicated how well the
models described the set of documents in each file.

Fig. 6. Goodness-of-fit of LDA topic models for 2020 WoS publications
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From Fig. 6 above for example, 10 was the optimal number of topics for the 2020
publications file. Similar number was obtained for the 2019, 2021 and 2022 files. For the
2012 to 2018 file however, different values (ranging from 15 to 25) were obtained using
different LDA solvers (“cgs” “avb” “cvb0” and “savb”). The diversity of topics as well
as lack of concentration of the 4IR could explain this variance. In line with literature
reviewed, which revealed that 2019 was the main year when 4IR publications surged,
this file (for 2012 to 2018) was omitted from the subsequent analysis.

Step 4: Visualize TopicModel: based on their probabilities, different topic mixtures
were visualized using bar charts, heat maps and word clouds. Further details of this are
presented under the results section of this paper.

2.5 Analyze Tccc-Announce Text Using Longer Phrases

To reflect the phrases that represent both the 4IR technologies (e.g. “Internet of Things”
and “Machine Learning”), the MATLAB tool for analyzing text data using Multiword
Phrases was applied to the tccc-announce files. In this case, two-words phrase was
selected using the function bagOfNgrams(). An example of the results from this mapping
are shown in Fig. 7 below.

Fig. 7. Word cloud for tccc-announce emails for 2021

From Fig. 7 above, the same trends identified from the WoS dataset as subjected to
the bibliometric analysis, is also identified from the tccc-announce dataset. This further
affirmed the choice of the trends used in the text processing. Similar matching (with the
bibliometric analysis) trends were identified for text containing tccc-announce emails
sent during the years 2019, 2020 and 2022.
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3 Results

3.1 LDA Topic Models for WoS

To enable contextualization of the words included in the LDA topic models for the
4 files (containing WoS publications) considered, 5 and 10 top key words for the 2-
word-phrase and single-word LDA topic models respectively, were extracted using the
predefined MATLAB function topkwords(). The results are discussed below.

3.1.1 LDA Topic Models Mixtures

In order to compare keywords/phrases from the LDA topic models mixtures with those
from the bibliometric analysis, the topic probabilities were plotted using both the two-
word and one-word phrases bag of words. Sample results of this are shown in Figs. 8 and
9 below. As shown in Fig. 8, two-word topics mixtures with highest probabilities are 1,
5, 2 and 6 respectively while topics 9, 3, 10 and 8 have the lowest values. On the other
hand, topics 10, 6 and 8 (see Fig. 9) have the highest probabilities in the one-word-phrase
topics while all the other topics have much lower values of probabilities. An inspection
of the top words in these topics, as shown in Tables 1 and 2 below, confirms (see Topics
1 and 5 in Table 1 and Topics 8 and 10 in Table 2) that they are the same top words
(in each cluster) as identified through the bibliometric analysis as presented in Sect. 2.3
of this paper. It is also worth noting that some of the words included under Topic 6 in
Table 2 are not necessarily 4IR-related but are common words used in publications.

Fig. 8. LDA topic models for two-words mixtures for 2022 WoS publications
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Table 1. Top words of the LDA topic models for double words for 2022 WoS publications

1 machine learning, industry 40, computer science, industry 50, sustainable develop-

ment

2 computer science, smart manufacturing, science engineering, industry 40, c 2022

3 augmented reality, deep learning, quality management, chemistry engineering, oper-

ations management

4 internet things, artificial intelligence, big data, industrial internet, blockchain tech-

nology

5 industry 40, digital twin, digital twins, automation control, control systems

6 industry 40, supply chain, literature review, industry 4, 4 0

7 industry 40, 40 technologies, circular economy, 4 0, business economics

8 industry 40, smart factory, business model, waste management, international confer-

ence

9 digital transformation, industrial revolution, 3d printing, methodology approach, 

fourth industrial

10 industry 40, artificial intelligence, internet things, materials science, fourth industrial

Fig. 9. LDA topic models for single words mixtures for 2022 WoS publications

3.1.2 Correlations for Topic Words Probabilities

Topic words’ probabilities were created using the MATLAB function corrcoef() and
the results presented using heat maps similar to the one shown in Fig. 10 below.
From such maps, it is possible to visualize the correlations between the various sub-
themes/technologies under 4IR. For instance, there is a high (value of 0.2724) correlation
between issues of sustainability and production in manufacturing sector. This indicates
high focus on research into ways of making manufacturing more sustainable.
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Table 2. Top words of the LDA topic models for single words for 2022 WoS publications

1 research, supply, management, chain, business, industry, study, technologies, literature, 

40

2 industry, 40, industrial, technologies, development, revolution, smart, information, in-

telligence, science

3 industry, 40, digital, manufacturing, technologies, study, transformation, management, 

companies, implementation

4 systems, system, process, manufacturing, production, data, quality, model, control, pro-

posed

5 environment, technology, design, development, science, application, smart, efficiency, 

present, product

6 new, time, based, different, results, approach, paper, problem, case, scheduling

7 science, materials, maintenance, reality, computer, c, virtual, human, high, due

8 internet, data, iot, things, network, applications, industrial, blockchain, networks, secu-

rity

9 food, performance, results, covid19, technology, model, health, waste, factors, analysis

10 learning, education, energy, construction, engineering, 3d, skills, training, additive, 

printing

Fig. 10. LDA topic models for single words correlation for 2022 WoS publications

3.2 Fourth Industrial Revolution (4IR) Trends

Based on the top words identified through the LDA Top Models presented in sections
above, the following trends were identified and matched with those identified through
the bibliometric analysis.
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3.2.1 System Intelligence Design Aspects of 4IR Technologies

As reflected by thewords and phrases shown in Table 3 below, system intelligence design
aspects of 4IR have evolved over the last 4 years and their applications in domain areas
such as 3D-printing, energy, education, smart cities and construction has been amplified.
Aspects of training/skilling and digital transformation have also come into limelight.

Table 3. Emerging system intelligence design aspects of 4IR technologies

Year Two-word-phrase bag of words Single-word-phrase bag of words

2019 machine learning, cloud computing,
emerging technologies, decision making,
3d printing

data, machine, method, accuracy,
detection, based, learning

2020 digital twin, internet things, business
model, smart cities

system, control, sensors, applications,
twin, 3d, assembly, robot, technology

machine learning, artificial intelligence,
neural network, cloud computing

learning, engineering, education, skills,
technology, reality

2021 data, machine, learning, method, process, model, system, proposed, time, algorithm

2022 digital twin, automation control, control
systems

learning, education, energy, construction,
engineering, 3d, skills, training, additive,
printingdigital transformation, 3d printing,

3.2.2 Developments Within IoT

Over the last 4 years, research into developments within IoT, such as cloud computing
and cyber-physical systems (CPS) have stabilized while more focus is now on trends
such as industrial internet of things (IIoT) and blockchain technologies. As can be seen
from the list shown in Table 4 below, issues of security and privacy still remain a concern
and are still heavily researched on.

Table 4. Emerging developments within Internet of Things

Year Two-word-phrase bag of words Single-word-phrase bag of words

2019 big data, supply chain, cyberphysical systems data, internet, industrial, smart, systems,

2020 cyberphysical systems, artificial intelligence,
industrial internet

data, internet, things, network, industrial,
communication, security, cloud

2021 artificial intelligence, machine learning network, industrial, security, applications,
computing, control

2022 artificial intelligence, big data, industrial
internet, blockchain technology

data, network, applications, industrial,
blockchain, networks, security

artificial intelligence, materials science
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3.2.3 Adoption and Innovation in Emerging Technologies

As detailed in Table 5 blow, the adoption and innovations under virtual reality and
augmented reality have persisted. Applications domains for 4IR innovations have been
extended from smart manufacturing to include education, health (in particular, a surge
in research around the Covid-19 pandemic) agriculture and the general food industry.

Table 5. Adoption and innovation in emerging technologies

Year Two-word-phrase bag of words Single-word-phrase bag of words

2019 engineering industry, virtual reality, digital
economy, conference proceedings

design, manufacturing, process, system,
production, systems, control, virtual,
product, industry

augmented reality, cyber physical, physical system, data analysis, sensor networks

2020 computer science, science engineering, augmented reality, engineering education

2021 education, learning, work, health, intelligence, new, covid19, human

smart manufacturing, augmented reality,
manufacturing industry, digital
transformation

environmental, science, technology,
study, food, analysis, agriculture

2022 augmented reality, deep learning, quality
management, chemistry engineering,
operations management

science, materials, maintenance, reality,
virtual, human

food, performance, results, covid19,
technology, model, health, waste, factors,
analysis

3.2.4 Enhanced and Futuristic Business Management

In this sub-sector, 4IR technologies have been largely used inmanaging supply chains. In
the last 2 to 3 years however, there is a huge focus on redefinition of businessmodels both
for pre-adoption and post-adoption of 4IR. Newest in this area are topics under circular
economy and expansion of the domain to include waste management and construction
industry. Some of these words and phrases are listed in Table 6 below.
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Table 6. Adoption and enhanced and futuristic business management

Year Two-word-phrase bag of words Single-word-phrase bag of words

2019 supply, chain, technology, environmental, study, energy, performance, logistics,
impact, risk

2020 supply chain, digital transformation,
internet things

management, research, manufacturing,
business, supply, chain

2021 supply chain, big data, supply chains,
chain management

supply, chain, technologies, management,
data, technology

deep learning, business economics, business model, construction industry

2022 supply chain, smart factory, business
model, waste management

supply, management, chain, business,
industry, technologies

smart factory, business model, waste
management

circular economy, business, economics

3.2.5 Big Data and Related Systems

Similar to the bibliometric analysis, only a fewwords and phraseswere identified through
the LDATopicModels. The list in Table 7 below show that developments in big data and
data analytics are in tandem with developments in other sub-fields of 4IR. For instance,
its application in industrial IoT (IIoT) and in blockchain technologies.

Table 7. Big data and related systems

Year Two-word-phrase bag of words Single-word-phrase bag of words

2019 model, computer, data,

2020 big data, business economics, data
analytics

data, model, machine, method,
maintenance, approach, based, system

iot, data, internet, things, network, industrial, communication, security, cloud

2021 science, computer, systems, data, emerging, model

2022 systems, system, process, manufacturing, production, data, quality, model, control,

internet, data, iot, things, network, applications, industrial, blockchain, networks,
security

3.3 Predict Top LDA Topics of Tccc Emails Documents

From the results presented in the section above, it can be confirmed that there is
a strong correlation between the results of both the bibliometric analysis and LDA
Topic modeling of the WoS publications on one hand and the content from the
email communication within the Tccc mailing list on the other hand. Subsequently,
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this section describes how the LDA Topic models of WoS were used to predict
the focus of publications that may result from the tccc-announce communications.
This was achieved using the predict() function of MATLAB, e.g. topicIdx = pre-
dict(Publications2022MDL,Tccc2021Documents) which predicts the TopicModel from
the 2022 WoS publications that matches the tccc email content contained in the
documents named “Tccc2021Documents”.

It is a well-known trend that call for papers (conference, journal articles and work-
shops) published in yearn, will results in publications in year n+1. For this reason, emails
sent in 2021 were used to predict LDA Topics using the LDA Models generated using
2022 WoS publications. For instance, the text of the email shown in Fig. 12 below was
extracted and pre-processed following the steps shown in Fig. 1. The predict() function
was then applied on the processed documents; the results are show in Fig. 11 below. The
documents were matched with LDA Topic 8 of the 2022 publications. For comparison
and verification purposes, the predict() functionwas also performed using the 2019, 2020
and 2021 WoS publications. A visual inspection of the content of the word cloud shown
in Fig. 11 confirms that the email text conforms more to the 2022WoS publications.

Fig. 11. Sample results of predicting Tccc content using LDA topic models for WoS publications
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Fig. 12. Sample extract of Tccc email sent in early 2021

4 Discussion and Conclusion

4.1 LDA Topic Models for Decision Support

Numerous studies have used published articles to analyse the trends of the technologies
associated with the fourth industrial revolution (4IR). However, most of these studies
take static and quantitative approaches such as bibliometric analysis [2, 42] and litera-
ture reviews [3, 7, 8, 11, 19, 21]. In this paper, we build on this approach through the
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introduction of text mining using Latent Dirichlet Allocation (LDA) topic modelling.
We apply these models to identify trends over time, 2019 to 2022 in this case. We further
introduce aspects of dynamisms by predicting possible trends in 4IR technologies. By
combining the power of bibliometric analysis with LDA topic modelling, we provide
researchers, practitioners and policymakers with a variety of visual and dynamic tools
that can aid in determining the current and the near-future direction (such as popularity
or decline) of selected 4IR technologies.

Through the identification of topic mixtures and correlations among these topics for
instance, it is possible to identify the popularity of various 4IR technologies. For exam-
ple, our LDA models revealed the popularity of the concept of sustainability in relation
to smart manufacturing. Also, by plotting heat maps for the 2021 Web of Science pub-
lications, it is clear that big data and related technologies had a very strong (0.6603)
correlation with a topic cluster made up of: digital transformation, productive systems
and additive manufacturing. For an additive manufacturing business looking into invest-
ing in big data technologies, this would be a confirmation that resources (including tools
and human resources) for such an investment are available. For a company looking to
identity skills set for its employees, this information could also be used in reaching
informed decisions. With this, we demonstrate our solution’s ability to aid in decision
making.

4.2 Further Work

In this paper, very easy to follow steps on how the 4IR technologies trends identification
tool was developed, are clearly presented. However, the raw-code nature of this makes
it difficult for policymakers to adopt it. Further work in form of automating these steps
(in form batch processing for instance) is recommended. Besides, some non-technical
and very commonly used (in publications) terms ended up being assigned very high
probabilities in the LDA topic models, hence introducing a lot noise into the models.
For example, Topic 6 inFig. 9, hasmuchhigher probability thanTopic 8 but the earlier has
non-4IR-technicalwords such as ‘different’, ‘results’, ‘approach’, ‘paper’, ‘problem’ and
‘case’. We propose the adoption of more enhanced tokenization algorithms to improve
the models’ performance. Finally, given that it is possible to beforehand, identify the
keywords to represent the 4IR trends, other variations of LDA Topic Modelling that
put into consideration pre-defined keywords, could fasten the identification and training
processes of the proposed tool. In this case, the implementation of Dynamic ETM (D-
ETM), as described in [31], is recommended.
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