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ABSTRACT The Internet of Things (IoT) transforms many fields, including the educational, logistics, and
manufacturing industries. The IoT is an internet framework whereby a large number of devices or equipment
are connected and synchronized using gateways, third-party technologies, and software in machine-to-
machine and cloud computing networks. With the flourishing development of 10T, cloud computing plays
an essential role in its application layer. Cloud computing technology has been widely applied in various
industries and developed as particular cloud computing types: education as a service (EaaS), logistics as
a service (LaaS), and manufacturing as a service (MaaS). The applicability of cloud computing in various
industries has attracted significant attention from researchers and professionals. This study investigated the
technical trends of emerging cloud computing technologies and surveyed 3,697 cloud computing-related
studies from 2010 to 2019. The findings indicate that intelligence and automation are the core issues that
drive research on cloud computing. The main types of research are critical review, system design, and
systematic analysis. Cloud computing services (e.g., XaaS, EaaS, LaaS, MaaS) are related to big data,
analytical technologies, service orientation, and IoT. This study applied machine-learning algorithms to
analyze educational, logistic, and manufacturing data and yielded results with more than 90% accuracy
and AUC. This study used various devices such as laptops, tablets, and smartphones to configure and review
machine-learning models using third-party cloud platforms, which are infinitely scalable and flexible for
data analytics, thereby allowing users to make quicker predictions and decisions focused on business needs.

INDEX TERMS Cloud computing, machine learning, education as a service (EaaS), logistics as a service

(LaaS), manufacturing as a service (MaaS).

I. INTRODUCTION

In 2000, the MIT Auto-ID Center proposed the framework of
the Internet of Things (IoT) [1]. The IoT European Research
Council defined IoT as the connection of devices, physical
objects, and humans at any time, in any place, with anything
on the Internet [2], [3]. The IEEE IoT Initiative recently pro-
posed that the standard of IoT framework involves descrip-
tions of various IoT domains [4]. IoT can be considered
as an infrastructure that connects devices and objects with
networks and databases; it is expected to revolutionize many
industries [5]. IoT provided a machine-to-machine (M2M)
and human-to-machine (H2M) architecture for advanced
metering infrastructure (AMI) [6]. The smart grid is a typi-
cal IoT application that involves data communications, data
acquisition and data analytics from users, distribution sub-
stations, and transmission lines [7], [8]. The high costs of
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infrastructure maintenance and equipment procurement may
influence business revenue in industries.

This IoT concept is classified as follows: perceptron layer,
network layer, and application layer. Cloud computing is per-
formed on the application layer of 10T, providing virtualized
computing resources over the internet. Most companies, such
as Cisco, Microsoft, and Amazon, provide cloud services to
different industries, such as education, manufacturing, and
logistics (see Figure 1).

Using cloud computing services, a user can access Vir-
tual resources instead of buying physical infrastructure and
computing resources. Such services provide a configurable
and extensible infrastructure that supports different types of
inputs (e.g., customer needs, device control, and sensors)
and outputs (e.g., indicators, analyzer, and actuators). Cloud
computing comprises three categories of cloud computing
services: Platform as a Service (PaaS), Infrastructure as a Ser-
vice (IaaS), and Software as a Service (SaaS). Cloud comput-
ing has developed new kind services: Education as a Service
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FIGURE 1. The current cloud computing ecosystem.

(EaaS), Logistics as a Service (LaaS), and Manufacturing as a
Service (MaaS), for different industries. Cloud computing is
essential to every industry. For the education industry, cloud
computing offers users adaptive learning strategies and real-
time learning activities; e.g., massive open online courses. For
the logistics industry, logistical problems can be estimated,
visualized, and analyzed on the cloud to optimize logistics
strategies, such as vehicle rental projects. For the manufac-
turing industry, cloud computing provides the convenience
method, which is not constrained by factory location or time.
Manufacturing processes and equipment can be analyzed and
visualized promptly on a cloud platform, e.g., the success-
ful GE aircraft predictive maintenance case. Accordingly,
famous companies such as IBM and Microsoft provide cloud
computing tools that can be applied quickly in many fields.
Microsoft Azure Machine Learning Studio is a cloud-based
analytics tool designed to simplify ML procedures for the
user. This study surveyed cloud computing-related research
and applied ML to data obtained from different industries.
The goals were as follows:

B to investigate current cloud computing-related tools
and business applications

B to survey current cloud computing-related research
through keyword analysis

B to apply cloud computing to predictions for different
issues in the fields of education, logistics, and manu-
facturing

This study aims to develop the cloud technology and survey
the studies related to cloud computing. Session 2 investigates
the technical trends of emerging cloud computing technolo-
gies. Session 3 assesses cloud computing-related literature.
Session 4 applies the main ML algorithms to analyze the
data in education, logistics, and manufacturing industries.
Session 5 describes the dataset, evaluation criteria, and ana-
lytics results. Session 6 discusses effect of cloud computing
on different industries. Session 7 concludes with this study’s
significance, limitations, and future work.

Il. SURVEY OF CLOUD COMPUTING TECHNIQUES

Cloud computing services, such as laaS, PaaS, and SaaS,
provide cloud-based applications to users who perform tasks
using the cloud. Cloud computing takes different forms (e.g.,
EaaS, LaaS, MaaS). The phrase “as a service” attracts sig-
nificant attention from users. The idea of “Everything as
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TABLE 1. The main cloud computing software from different report.

Source The main cloud company
G2 AWS, Google, Oracle Compute Cloud
Service, Microsoft Azure, IBM Cloud,
DigiOcean, Alibaba Cloud

Bloomberg Alibaba Cloud, Amazon Web Services,
Google Cloud, IBM Corp. Microsoft Corp

PPaT SAS Predictive Analytics, Google Cloud,

Inc.[12] Oracle, Microsoft, IBM Predictive
Analytics
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FIGURE 2. The trend of the global IT S pending Forecast (billion US
dollars) [9].

a Service” (XaaS) transforms industries. Figure 2 shows
the worldwide IT Spending Forecast from the 2019 Gart-
ner Report. Cloud computing is taking on more than hun-
dreds of billions of dollars of work. Gartner Inc. predicts
that global IT spending is expected to reach $3.79 trillion
USD in 2019, which is an increase of 1.1% from the pre-
vious year [9]. Technavio has stated that the global IaaS
market would grow by 101.56 billion USD at a compound
annual growth rate (CAGR) close to 28% during 2019-2023.
MarketsandMarketsT™forecasts that the market size of cloud-
related services will grow to 9.47 billion USD by 2022 at
a CAGR of 24.5% during 2017-2022 [10]. Another report
indicated that the worldwide cloud computing market size
will increase to 623.3 billion USD by 2023 at a CAGR of
18% [11]. These business reports indicate that cloud comput-
ing has a great influence on the global marketplace.

A. CLOUD COMPUTING PROVIDERS

Table 1 shows the main cloud computing providers men-
tioned by different consulting institutions. Microsoft, IBM,
Amazon, Oracle, Alibaba, and SAS are common cloud ser-
vice providers; they offer numerous cloud computing appli-
cations (e.g., Microsoft Azure, IBM, Google, and Oracle
Compute Cloud Service) that can be employed in various
scenarios according to the different requirements of different
industries. Based on the integrated results, we investigated
these software functionalities. Most providers offer cloud
infrastructure (e.g., Google Cloud), communications services
(e.g., Azure IoT Gateway), data centers (e.g., Microsoft
Azure Data Lake), and data analytics (e.g., SAS predictive
analytics module, IBM SPSS modular).
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FIGURE 3. The evolution of data analytics.

B. DATA ANALYTICS AND CLOUD COMPUTING

Data analytics is essential for cloud computing. Cloud com-
puting involves aspects such as data collection, data analytics,
and visualization. Microsoft, Gartner, Information Builders,
and other business consulting institutions classify data ana-
lytics into four as follows: descriptive, diagnostic, predictive,
and prescriptive. Figure 3 demonstrates the evolution of data
analytics. Predictive analytics has been conducted widely,
e.g., GE engine predictive maintenance. Predictive analytics
is essential in various fields; this study has applied it to
different issues in education, logistics, and manufacturing.

lIl. CLOUD COMPUTING-RELATED STUDIES

Varghese’s studies indicated the importance of cloud com-
puting and demonstrated its evolution in recent years [13].
Cloud computing has been widely applied to different indus-
tries. XaaS is considered to be an innovative concept, and
computing services have developed into various types: EaaS,
LaaS, and MaaS. To obtain a deeper understanding of cloud
computing-related trends, this study analyzed the compre-
hensive profiles of cloud computing, XaaS, EaaS, LaaS, and
MaaS, by using studies found using Google Scholar. The
Publish or Perish (PoP) software was used to survey the
relevant studies published during 2010-2019. We initially
used PoP to obtain the related studies; the obtained result
was manually reviewed and subsequently filtered for the top
20 most cited papers. The keywords of these top citation
papers were included in this study and present the current
technology trend.

A. CLOUD COMPUTING

This study used the keywords ‘“‘cloud computing” and
obtained 999 academic-related studies. Mell et al. defined
cloud computing as a model for allowing convenient and
on-demand network connected to several configured com-
puting components (e.g., storage, servers, and services)
that can be rapidly deployed the resource with optimal
management effort [14]. Standard cloud computing offers
cloud infrastructure, online web GUIs, data applications,
and data analytics. Cloud computing offers diverse types
of services, is flexible, and can scale to meet users’ needs.
Stergiou et al. integrated cloud computing and IoT tech-
nologies to demonstrate how the former could improve
the functions of the latter [15]. Zhang et al. applied
deep learning in the Industrial IoT (IloT) [16]. Some
researchers have argued that cloud computing technologies
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have created a ‘‘ubiquitous” trend of mobile devices
being employed to accomplish tasks promptly [17]-[19].
Related studies have indicated that cloud computing has the
potential to transform information and communication tech-
nologies by shaping how hardware is designed and purchased
as well as making software more valuable as a service [19],
[21]. Table 2 lists the cloud computing-related studies and
their current citation statuses. Those with high citations focus
on IoT, big data, data collection, analytics technology, and
visualization. The common keywords include “modeling and
simulation,” “big data,” “web,” “visualization,” ‘“‘data cen-
ter,” ‘“‘security and privacy,” ‘“laaS,” “SaaS,” ‘“PaaS,” and
“mobile.” Security [22]-[33], data access control [28]-[33],
data processing [31], and service-oriented application [34]
are key challenges for cloud computing. Developing the
advanced security toolkit to address these challenges is an
important avenue for future studies on cloud computing.

B. EVERYTHING AS A SERVICE (XAAS)

Botta proposed the cloud computing IoT (CC-IoT), which
integrates cloud computing and IoT [36]. XaaS is a cloud
computing service that involves various services through a
network. The cloud’s resources are sold as services to appli-
cations, such as scientific and industrial intelligent analyt-
ics (e.g., smart factory), on an XaaS cloud platform [37].
This study searched using the keywords of “Everything as
a Service” and obtained 570 academic-related studies. Some
research argues that the development of service systems has
continuously evolved, as have the services used in various
fields [40], [42]-[44]. XaaS is concerned with social sci-
ence, which aims to enhance co-creation and value creation
[42]. XaaS is used for data access and communication [40].
Value co-creation is determined by the social community;
it is reproduced in the sociality framework [43]. XaaS can
form as various services based on the industry’s character
for co-creation and value creation in service. Table 3 shows
their current citation statuses. Those with high citations focus
on service orientation, value creation, security, data appli-
cations, and networks. XaaS has been applied to marketing,
e-learning, GIS, and manufacturing. The common keywords,
which include “‘service,” ‘‘value co-creation,” ‘‘data,” ‘‘visu-
alization,” “‘data service,” and “information system.” XaaS
is transforming the development of the various industries
and cloud computing technologies. For the cloud computing,
more comprehension of various issues is required between
the demand (user side) and supply (service provider). [24].
This study surveyed various industrial issues (e.g., education,
logistics, and manufacturing) that could affect the different
roles of cloud computing and used real data in ML to form
different cloud computing services on a cloud platform.

99 ¢

C. EDUCATION AS A SERVICE (EAAS)

In today’s complex and highly competitive education envi-
ronment, the need to develop sustainable strategies and tech-
nologies has led to the creation of computing services. Some
studies argue that the attitudes and behaviors of students
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TABLE 2. The cloud computing studies.

TABLE 3. The Xaa$ studies.

while learning primarily determine the students’ perceptions
of the service quality provided [54], [63]. IBM has charac-
terized EaaS as advanced cloud computing that incorporates
infrastructure and platform software with additional business

181508

Cites Year Description of the study Cites | Year Description of the study
13484 2011 | The National Institute of Standards and Technology 1705 | 2013 | Analytically defining the roles of the user and the
establishes various computing definitions [14]. service providers is used to enable co-creation and
10230 2010 | The roles of cloud service and related elements are value creation in service [38].
clearly described for broader definitions of cloud 1683 | 2010 | Customers, managers, and employees are prominent
computing [19]. components for the increasingly technical
3645 2011 | The CloudSim, a simulation framework that can sophistication of service sciences [39].
enhance quality of service in cloud computing, is 1661 | 2010 | This proposed approach offers the nomadic/general
proposed [21]. user high-speed downstream Internet access within
3477 2010 | Cloud computing is stated to face challenges the network framework [40].
related to privacy security and data confidentiality 1511 | 2013 | Morozov proposed the term “solutionism,” which
[22]. describes the belief that all problems can be solved
3164 2012 | Fog computing is a new type of computing service through computation technologies [41].
via the edge of the network. It has been used to 1419 | 2010 | The understanding of customer value creation is
support IoT applications characterized by latency essential for service science [42].
requirements for mobility [19]. 1283 | 2011 | The service providers get opportunities to co-create
2569 2011 | Current security issues related to cloud computing service value with their end users [43].
are noted, and Internet protocols are applied to 1089 | 2011 | For the current service logic, the participants have
communicate between the cloud and the end user flexibility to configure and tune their roles within
[23]. dynamic service systems [44]d.
2433 2011 | Cloud computing is shown to be employed in many 1003 | 2010 | The service systems thinking approach is related with
fields [24]. the relationships, networks, and value creation [45].
2216 2010 | The development of public auditability for existing 953 2016 | IoT provides low-cost services, high performance,
cloud data storage services has already been versatility, and openness for device connectivity [36].
promoted in the cloud computing field [25]. 932 2011 | The crowd-funding is an innovative service type,
2152 2012 | Cloud computing has positive effects on cost which consumers connect their financial together via
saving and energy efficiency under dynamic the Internet [46].
workload conditions [26]. 864 2013 | Internet is one of the speculative channels, which can
1966 2013 | Mobile cloud computing has been widely utilized connect the people around the world together [47].
for different applications, such as mobile learning 857 2011 | The service-learning approach is used for children
and mobile gaming [27]. interact with technology in the media design [48].
1954 2010 | A security scheme that can offer systematical and 827 2015 | The proposed method aims to design, develop and
complete data access control in cloud environment implement Internet service provider architectures
is proposed [28]. [49].
1745 2012 | The proposed security framework, which involves 798 2012 | Googlization demonstrates platform economy and its
LDAP and SSO, creates a security mesh in the challenge [50].
cloud environment [29]. 776 2012 | The use of Internet can result in time and cost savings
1630 2013 | The proposed distributed application may run on [51].
two or more network computers in some cloud- 747 2010 | The proposed system presented user and geographical
based embodiments [30]. information within the social network on the
1448 2015 | The large amount of data processing is essential for collaborative service [52].
cloud computing [31]. 698 2010 | Value creation can come from a resource
1402 2013 | Cloud computing may address some problems in collaboration and integration, as suggested by the
mobile computing, such as mobility, resource customer-dominant logic) [53].
scarcity and disconnections [17].
1388 2010 | The proposed analytical model is used to compare
el;effgy usagge] in the mobile device and the cloud processes. Microsoft has argued that EaaS can provide exten-
platform . . . . .. . .
314 3012 | Cloud computing is considered a major trend for sible and progctlve services to optlm'lze thg e‘ducatlonal envi-
the manufacturing industry by providing the ronment and increase problem solving ability. EaaS-related
distributed resources to a centralized management applications have been used extensively, and typical examples
framework [32]. . are Microsoft Cloud Service and IBM Educational Cloud
1302 2010 | Cloud service providers should have effective . . . .
access control policies and well-understood Service. This study analyzed the comprehensive profiles of
common federated policies to ensure that studies of EaaS by using the keywords of “Education as a
'E‘gg]hca“ons do not lead to any security breaches Service.” The survey obtained 1,599 EaaS-related studies.
1247 2010 | Service-oriented architecture enabling technologies Eaa$ has been developlng Contlnuousbl in the past 10 years
and the resources for cloud computing are formed and offers cloud infrastructure, online web GUI, and data
as cloud computing services [34]. applications. The educational environment could be local,
1215 2010 | Cloud computing has been extensively employed to national, or global, as well as in the classroom or the cloud.
support functional areas such as supply chains and o . .
marketing [35]. Johnson indicated that EaaS is the business model of a

delivery system that unbundles the components of higher
education and offers students the option to pay for only
those courses that they want and need [54]. EaaS remains
extensible; it can be scaled to fit users’ requirement and has
been applied in medical and power education [55], [S6]. Some
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studies argue that the EaaS model would result in a ““student-
driven” trend and retain students through services that make
their training obvious [57], [58]. Some research used machine
learning techniques to forecast secondary school student
performance [59], [60]. Table 4 shows the current citation
statuses of the studies. Those with high citations focus on
distance education, student satisfaction, big data, IoT, and
analytics technology. The common keywords include ‘“‘big
data,” “IoT,” “‘e-learning,” ‘“‘customer satisfaction,” ‘“‘higher
education,” ‘‘new managerialism,” and *“cloud computing.”
The use of digital technologies to increase the quality of
education service is accomplished by providing access to
resources and enabling remote collaboration between stu-
dents and teachers [58].

D. LOGISTICS AS A SERVICE (LAAS)

LaaS is prevalent in the manufacturing, [76]-[79], transporta-
tion, and international trade sectors. Some researchers have
indicated that cyber-physical systems (CPSs) depends on
communication, computation, and control infrastructures to
support the efficient use of logistics resource [76]. Logistics
service providers have been dedicated to developing cloud
computing within a few years to cope with the growing IT
demands of logistics. Related studies on the influence of
cloud computing in the logistics management have presented
critical strategies for clouds to migrate to the logistics indus-
try when the existing logistics information systems move to
cloud systems [81], [82]. LaaS is a cloud computing service
that involves various services through a network. Most of
the LaaS-related studies mentioned the cloud manufacturing
issue [78], [83], [95].This study used the keywords of ““Logis-
tics as a Service.” and obtained 133 academic-related studies.
Table 5 shows their current citation statuses. Those with
high citations focus on CPSs, cloud manufacturing, distri-
bution management, logistics management, and cloud-based
systems. The common keywords, which include ‘cloud
manufacturing,” ‘“‘cyber-physical system,” and ‘“‘cloud
computing.”

E. MANUFACTURING AS A SERVICE (MAAS)

Cloud computing is transforming the traditional manufac-
turing industry. Cloud users can request services related
to product design, manufacturing, validation, quality man-
agement, and all the stages of a product’s life cycle [32].
MaaS combines advanced technologies (e.g., cloud com-
puting [99], [101], [102], IoT [100], and data science) and
service-oriented technologies [83], [99]-[108]. Cloud com-
puting is aiding the evolution of manufacturing processes and
equipment maintenance. Many researchers have endeavored
to leverage manufacturing performance with the advance-
ment and power of the new ICT technologies. MaaS is a cloud
computing service that involves various services through a
network. This study used the keywords of ‘““Manufacturing as
aService.” and obtained 396 academic studies. Table 6 shows
their current citation statuses. Those with high citations focus
on Industry 4.0, big data analytics, manufacturing, and digital
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TABLE 4. The EaaS studies.

Cites Year Description of the study

The influence of online learning in higher
education is studied [54].

Learners can access informal and formal learning
from schools and institution [61].

Globalization causes the transformation of
education and the ordering of EaaS, and provides a
way of researching education [62].

Students' satisfaction differs with the quality of
offered services and the learning environment [63].
The transformative service focuses on the
relationship between service entities’ influences
and the users’ satisfaction [57].

The development of education is driven by
educational data from computing tools [64].

The presented multilayered security system can be
beneficial for the volume, veracity, and velocity of
big data from cloud-based services [65].
Improving students’ achievements through school
counselors’ collaboration is more effective in the
neighbor community [66].

For EaaS, teachers play an important role, as they
are responsible for the cultural and social
reproduction of capitalism and ideological control
[67].

Much research has emphasized the importance of
business processes, services and data portability for
cloud adoption [68].

The presented fog-driven IoT architecture can deal
with the challenge of medical IoT applications,
such as scalability, information management,
security, and privacy [55].

The development of early childhood education
aims to participate in a collective wider
community, working with aspects of ethics of care—
for human and the planet [56].

Globalization impacts international education and
the education decisions being taken within
transnational networks [69].

The core of EaaS is integrating, creating and
communicating knowledge for a variety of learners
[70].

Higher education in some countries is facing
pressure to conform to a market-led discourse [71].
Higher education is not only about obtaining
professional knowledge but about generating the
impression that employers and colleges want
different things [72].

Cloud providers should advocate cloud API
standards to enhance learning objects
interoperability and portability as they rely on
educational cloud services [73].

Student loyalty is key for the future educational
services in the increasingly competitive and
globalized education service industry [74].

The user-friendly platform is the essential
requirement that needs to be a part of the service
provided to avoid dissatisfying users [58].
Value-creating activities are dynamically inter-
related to create students’ learning experiences,
which benefits the education institutions’ brand
[75]

2866 2016

1025 2011

432 2012

346 2010

331 2013

265 2011

221 2016

197 2010

164 2012

159 2013

153 2018

150 2012

121 2010

119 2018

108 2015

105 2015

102 2011

101 2010

95 2013

93 2011

twins. The common keywords include “IoT,” “cloud com-
puting,” “CPS,” “big data,” and “Industry 4.0.” Most of
the MaaS-related studies aim to realize the complete shar-
ing, optimal on-demand use, and efficient allocation of the

181509



IEEE Access

Y.-H. Hung: Investigating How the Cloud Computing Transforms the Development of Industries

TABLE 5. The LaaS studies.

TABLE 6. The Maas studies.

Cites | Year Description of the study Cites | Year Description of the study
The aim of the manufacturing industry is 452 2011 | Cloud manufacturing platforms included public,
comprehensive servitization, since service-oriented private, hybrid and community service platforms
163 2017 | frameworks and IoT have been proposed with the rise [99].
of advanced cloud computing and the logistics 411 2014 | IoT and cloud computing are used to generate a
industry [83]. servicgoriented manufacturing model for the sharing
Cloud manufacturing is an innovative manufacturing of various manufaf:tur}ng resources [100]. _
151 2015 | business strategy, which is transforming the current 401 | 2013 | Cloud manufacturing includes on-demand service,
service-oriented manufacturing process [84]. ubiquitous access, .real—t'lme' scalability, resource
144 2017 The current manufacturing industry is becoming more 356 2014 Zl:elpl(ziyment,fand letuahz]a(iloﬁ [101]. i 3
service-oriented and highly collaborative [85]. oud manufacturing could allocate capabihities an
Top-management SUpPOrt. communication. costs resources at lower support and maintenance costs
p-manage pport, cation, costs, [102].
s 2013 | processing time, and env1ronmental issues are the key 294 2010 | The purpose of solutions focuses on environmental,
factors for reverse supply chains [86]. functi . L .
- : - nctional, economic, and social dimensions [103].
With compl}ters deeply impacting mOdem 284 2012 | The cloud manufacturing services include software
65 2015 | manufacturing sys?ems, related technologies (e.g., resources, various manufacturing resources and
CPSs) are flourishing [87]. capability services [104].
Ir}d}lsn_'y 4:0 integrates the common trend of 242 2013 | Cloud technology takes advantage of production
60 2016 | digitalization and the networking of data and scalability, openness, rapid reaction, and resource
information [88]. allocation in manufacturing [105].
Cloud computing is used for cloud smart city 224 | 2015 | Cloud computing technology enables cloud-prognosis
59 2014 | logistics, which provide on-demand logistics for the manufacturing industry [106].
infrastructure for intelligent city [89]. 179 2017 | Optimizing different traditional and emerging
In the logistics sector, each type of service has database management systems on the cloud
42 2012 | distinct requirements for service fulfillment that are environment for distributed processing, computing,
applied in the specified architecture [90]. storage, and access is essential for cloud computing
Logistics information system has been increasingly services [107].
33 2012 | considered as one of an important driving forces for 163 2017 | To develop the manufacturing system, the
economic development [91]. involvement of advanced manufacturing
3 2010 | The decided transportation parameters products can approach/techniques is fundamental and
be used for modeling and also in LaaS [92]. indispensable [83].
Increased availability of existing resource allocation 146 2011 Serv?ce is essential for theAmanufactl{ring industry.
30 2013 and optimizing the size of the provided handling Services and products are integrated into the service

system for offering an efficient product/service to
customers [108].

144 2017 | Cloud manufacturing is involved with the entire
manufacturing process, from order management and
product design to distribution processing and
equipment maintenance [85].

equipment fleet are increasingly important in today's
logistics industry [93].

Demanufacturing and remanufacturing include the set
28 2017 | of knowledge-based methods and technologies to
repeatedly utilize resources [94].

Manufacturing resources from different providers are

26 2018 . C 134 2018 | Industry 4.0 is extensive the evolution from
formed as c]pud setvices such. as logistics cloud [76]. embedded solution to cyber-physical systems [109].
23 2013 Users fulﬁlllng requl.rement via cloud manufacturing 95 2017 | Industry 4.0 is characterized by the solution of CPSs
platform is g current industry trend [95]. in the manufacturing field [110].
The topologlcal structurerfcloud—based‘ ) 94 2014 | The connecting cloud and network is presented as an
15 2016 | manufacturing networks includes the logistics as a effective cloud computing application in the
service [77]. manufacturing industry [111].
14 2018 Custom(.ers have on-demand.access to services (e.g., 87 2013 | Industrial automation systems aim to be agile, and
Laa$S) via cloud manufacturing [78]. cloud computing is the promising technologies for
The Laa$S function is employed in humanitarian manufacturing automation [112].
13 2011 | assistance operations for the deployment of multiple 77 2014 | The advanced manufacturing technologies include the
services [96]. standard requirements and analytical technologies for
Logistics as a service is a utilization of arranging and applying the components of the new technologies
13 2017 integrating all manufacturing resources involved in [113]. ‘ _
the entire life cycle of the cloud manufacturing 73 2013 | Economic globalization has transformed the
services [79]. organization of the global economy toward greater
Semantic integration is essential for information and functional interdependence and integration through
11 2015 | communication technologies and automation cross-border economic activity [88].
technologies [97]. 67 2017 | Cloud manufacturing is an innovation that combines

the cloud platform, semantic web, service-orient
technologies, and virtualization and analytics tools
for resource sharing [114].

67 2018 | The utilization of innovation technologies to
strengthen the competitiveness of the manufacturing
industry has become a popular trend worldwide
[115].

The users can select the data security level to make
11 2014 | the correct judgments regarding risk for their
enterprise [98].

different manufacturing process [100], [101], [104]. Stud-

ies focused on improving MaaS are concerned with ser-

vice science, prognosis [106], big data [107], [115], and IV. APPLYING THE CLOUD COMPUTING SERVICE IN THE
industrial automation [112]. The concepts of digital twins INDUSTRIES

and big data have received significant attention in recent This study investigated EaaS, LaaS, and MaaS by apply-
years [115]. ing a ML model to predict UCI data from various sources.
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The standard procedure for data analytics was employed to
preprocess and model the predicted issues for the learning
performance of students, vehicle acceptability, and semicon-
ductor manufacturing processes. ML algorithms were used to
solve and integrate these issues into different cloud comput-
ing solutions to achieve the goals of EaaS, LaaS, and MaaS.

A. PROCEDURE OF KNOWLEDGE DISCOVERY IN
DATABASES (KDD)

KDD is the process of acquiring potential useful information
by analyzing or mining data collections. This widely-used
technique of data analytics is based on procedures that ana-
lyze data from different sources. The standard procedures are
selecting a target dataset, preprocessing data, transforming
data formats, training models, and evaluation. To achieve
the goal of cloud computing, this study leveraged Microsoft
Azure ML Studio for pattern identification to predict different
datasets in various industries. Microsoft Azure ML Studio has
numerous users and is considered to be a popular applica-
tion. Users can build, evaluate, preprocess, model, and run
their data analytics projects with Microsoft Azure ML tools.
Figure 4 illustrates the procedures of KDD.

| Selecting a target dataset
|

‘ Pre-processing data

Splitting the data !

L

Training model

Model evaluation

FIGURE 4. The procedure of KDD.

B. MACHINE-LEARNING MODELING

In this study, the support vector machine (SVM), tree-
structure algorithm, and classifier-related algorithm were
employed in predictive analytics. We also used the ensemble
learning method to enhance the accuracy of the algorithm.
Ensemble learning combines multiple decision models to
generate better predictive performance than could a single
decision model. The aim of ensemble-based model is the
combination of a group of weak learners to form a strong
learner and improve the overall performance for increasing
the accuracy of the model.

1) TWO-CLASS bOOSTED DECISION TREE

The two-class boosted decision tree algorithm is an example
of ensemble learning and relies on the ensemble of trees
to forecast. Succeeding trees adjust the errors of preceding
trees. The algorithm starts with an empty ensemble of weak
learners. The current output of the ensemble is obtained
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for each training instance. This output is the aggregate of
the outputs of all the weak learners in the multiple model.
Next, the gradients in the loss function for each instance is
estimated by the model. The algorithm uses the examples
to fit a weak learner, and the gradient is simply defined as
the target function. The learning rate is used to combine the
weak learners together to create a strong predictive model.
The algorithm is repeated until it reaches a terminal condition.

2) TWO-CLASS SVM

A two-class SVM is based on an SVM algorithm used to ana-
lyze input data and recognize patterns in a multi-dimensional
feature space. The classifier initialized by this module is
suitable for choosing between two outcomes that depend on
categorical and continuous input variables. These machines
require labeled data and assign new examples into one cate-
gory or another while mapping them onto the same space.

3) TWO-CLASS LOGISTICS REGRESSION

A two-class logistic regression algorithm is a supervisory,
learning algorithm that predicts the probability of a binary
event’s occurrence using a logistic function. Logistic regres-
sion assumes a logistic distribution of the observation where
the probability that an observation is classified as one
of two categories is based on the independent variables.
The algorithm aims to exploring the optimal solution for
{0}, ..., a{r— 1} by estimating the objective function of the
parameters with the given independent variables.

prob(x; o, ..., — 1) (1)

Equation 1 is the logistic distribution function, x is an
r-dimensional vector representing all the features of one
instance, and «{0}, ..., a{r — 1} are the parameters of the
logistic distribution.

4) TWO-CLASS BAYES POINT MACHINE

A two-class Bayes point machine algorithm approximates
the Bayes-optimal decision of linear classifiers by choos-
ing a generalization performance classifier. The machine
stochastically approximates the center of solution space; thus,
the machine is not prone to overfitting the training data.

5) TWO-CLASS DECISION FOREST

A two-class decision forest algorithm is an ensemble learning
algorithm intended for classification tasks. The ensemble
mechanism is based on the general principle of not relying
on a single model but creating multiple related models and
combining them in some way to enhance performance. Gen-
erally, multiple ensemble trees provide better coverage and
accuracy than can single decision trees.

C. PROCEDURE FOR DATA ANALYTICS

In this study, the procedure for data analytics involved import-
ing open data, preprocessing and selection, training the data,
evaluating the model, and formulating accurate solutions
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Step 1 Importing the open data to the data analytics project

Step 2 Preprocessing, such as labeling and normalizing, the imported
data

I

| Step 3 Normalizing the data if it is needs

| Step 4 Spliting the processed data into training and testing data sets

. 4
Step 5 Applying the machine learning algorithm to analyze the training
dataset

<L
k.
Step 6 Scoring the model on the testing data set

o <5 o
F bl
| Step 7 Evaluating the model and deploying it as a web service, which

| can be employed using real-time analytics

FIGURE 5. The procedure of the data analytics used in this study.

TABLE 7. The list of dataset.

Dataset Description Instances

Educational dataset The data comprising thirty- 649
[59] three attributes, e.g.,

grades, social related

features, and self-

perception of learning.
Logistical dataset The data has seven 1728
[116] attributes, including the

size of luggage boot,

buying price, number of

doors, passenger

capacities, safety of the

car, car acceptability.

Manufacturing dataset ~ The data has 591 features 1567
[117] containing method,

classifications, and time

stamp for each instance.

from the observed results. Figure 5 shows the various pro-
cessing steps.

D. DATA SOURCES

The results demonstrate cases of how cloud computing could
be applied in the educational, logistical, and manufacturing
fields. The dataset was taken from the UCI ML repository
[59], [116], [117]. Table 7 exhibits the dataset description.
The educational case developed an EaaS to predict the per-
formance of students learning mathematics. The logistical
case developed a LaaS for a vehicle selection problem with
data imported to the cloud and used to forecast preferences.
The manufacturing case was for predicting yield failure in
a semiconductor manufacturing process. The training model
was developed as a MaaS.

V. RESULTS
This study applied cloud computing to education, logistics,
and manufacturing. The results show how Microsoft Azure
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TABLE 8. The traditional academic guide.

AUC Range The level of discrimination
0.7-0.8 acceptable discrimination
0.8-0.9 excellent discrimination
0.9-1.0 outstanding discrimination

ML Studio could assist developers in creating a cloud ML
model for these industries.

A. EVALUATION CRITERIA

This study used accuracy, the receiver operating characteristic
curve (ROC), and the area under the curve of the ROC (AUC)
to evaluate the analytics.

1) ACCURACY
The key parameters are true negative (TN), false negative
(FN), true positive (TP), and false positive (FP). Equation 2 is
the formula for estimating the accuracy, which is the number
of correct assessments divided by the number of all assess-
ments.

(TN + TP)

Accuracy = 2
(TN + TP + FN + FP)

2) ROC

ROC is a probability curve plotted with the false positive
rate (FPR) on the x-axis against sensitivity on the y-axis.
Equations 3 and 4 are the formulas of sensitivity and FPR,
respectively:

Sensitivit P 3)
ensitivi = —
Y= TP EN
FP
FPR = — @
TN + FP

3) AUC

Accuracy is measured using the AUC, for which a value
closer to 1 represents a near-perfect test but less than 0.5 rep-
resents a worthless test. Table 8 shows the traditional aca-
demic guide for classifying the accuracy of a diagnostic test.

B. EaaS: PREDICTION OF STUDENTS’ LEARNING
PERFORMANCE

The related literature contains applications of educational
data mining to predict students’ learning performance [59].
Most of the studies used grades as the decision variable.
We used educational data analytics to predict learning per-
formance, such as failing or passing a course in mathematics.
Initially, we preprocessed data by labeling the target variable
according to the final grade variable (G3). The preprocessed
data were normalized by the min—-max method to scale the
data between 0 and 1. Equation 5 is the formula of normal-

ization. .
X — min(X)

)

~ [max (x) — min(x)]
Table 9 shows the results of the experiment and analysis of
the performance. The trained model could be deployed as a
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TABLE 9. Results of analytics in education case.

Algorithm  Accuracy AUC Main Parameter (TDa/tTa X
Two-class 0.96 0.9 Iteration = 500 70/30
Bayes point Random Number
machine Seed= 2342
Two-class 0.97 0.9 L1 Weight=0.949 70/30
Logistic L2 Weight=0.193
regression
Two-class 0.96 0.9 Learning Rate =0.06 ~ 70/30
boosted Number of leaves=2
decision Minimum leaf
tree instances=4

Number of trees=

436
Two-class 0.97 0.9 Iterations=92 70/30
SVM Lambda=1.32272007

E-05
Two-class 0.95 0.9 Maximum depth of 70/30
decision decision trees = 14

forest Minimum number of
samples per leaf = 1
Number of random
splits per node = 68
Number of decision
trees = 15

web service or the data can be imported directly, then the
teacher can predict the students’ performance and create an
adaptive learning strategy on the cloud. The result shows that
this EaaS can offer educators real-time analytics anytime and
anywhere.

C. LaaS: VEHICLE SELECTION ANALYTICS

The transportation tool plays an important role in logistics
management. Some studies were dedicated to solving car
rental logistics [118]. Estimating the preferences for partic-
ular cars was also a key issue. This case aimed to predict if
a car was acceptable by analyzing its details. Table 10 shows
the results of the experiment and analysis of the performance.
These classification algorithms were employed to predict
vehicle acceptability (unacceptable/acceptable). The features
were used as the input and the vehicle was used as the decision
variable. The trained model could be integrated into a vehicle
rental logistics maintenance system via a web service and a
logistics manager could predict the data and retrain the model
promptly.

D. Maas: YIELD FAILURE PREDICTION IN
SEMICONDUCTOR MANUFACTURING PROCESS

The manufacturing case aimed to forecast yield failure pre-
dictions for a semiconductor manufacturing process. We pro-
cessed the dataset by handling the missing values and used
the mutual information (MI) to filter the features. MI is a
score that measures the mutual dependencies among variables
by maximizing the mutual information between the target
variables and joint distribution in a multi-attribute dataset.
Table 11 shows the results of the experiment and analysis of
the performance. In this case, failure was a decision variable.
The data from a semiconductor manufacturing process was
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TABLE 10. The result of analytics in the logistics case.

Algorithm Accuracy  AUC Main Parameter (TD'a"tra '
rain/Test

Two-Class 0.96 0.9 Iteration = 500 70/30
Bayes Point Random Number Seed
Machine = 2342
Two-Class 0.96 0.9 L1 Weight=0.015 70/30
Logistic L2 Weight = 0.024
Regression
Two-Class 0.98 0.9 Learning Rate = 0.15 70/30
Boosted Number of leaves = 6
Decision Minimum leaf
Tree instances = 47

Number of trees = 233
Two-Class 0.94 0.9 Iterations = 92 70/30
SVM Lambda =

1.32272007E-05
Two-Class 0.98 0.9 Maximum depth of 70/30
Decision decision trees = 14
Forest Minimum number of

samples per leaf =2
Number of random
splits per node = 945
Number of decision
trees = 15

imported for predictive maintenance. The trained result could
be connected to a third-party application via a web service to
support real-time analysis in a cloud-based environment. The
trained model could be used as a MaaS by a manufacturing
manager to pre-plan and pre-schedule maintenance work,
as well as reduce maintenance costs for spare parts. The MaaS
can assist users in predicting the remaining life of equipment,
reduce unplanned forced outages, and minimize the risk of
catastrophic failures.

VI. DISCUSSION

Some professionals and researchers are dedicated to realizing
the goal of XaaS, which consists of an extensive variety of
applications that can be accessed on-demand over a network.
This study has demonstrated the application of ML to data in
different industries and developed an EaaS, LaaS, and MaaS
on a cloud computing platform via a web browser instead of
utilizing these services in an internal physical environment
with infrastructure and servers to process the data. However,
cloud computing also involves network security, data collec-
tion, data analytics, data connectivity, data visualization, and
related value-added applications. The utility and security of a
cloud environment are discussed next.

A. UTILIZING CLOUD COMPUTING SERVICES

This study showed how cloud computing could affect
different industries. In some specific industries, such as
manufacturing, logistics, education, and medical, an enter-
prise’s profile can be authorized only on a local server. Cloud
computing may not be suitable for all industrial fields in
diverse environments. Fog computing and edge computing
may be suitable for a specific industrial field. Fog computing
aims to distribute the utilization of cloud computing to a
network edge. Fog computing is ideal for IoT and real-time
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TABLE 11. The result of analytics using MaaS.

Algorithm  Accuracy AUC Main Parameter (TDatTa '
rain/Test

Two-class 0.90 0.9 Iteration = 500 70/30
Bayes point Random Number
machine Seed = 2342
Two-class 0.90 0.9 L1 Weight = 0.497 70/30
Logistic L2 Weight = 0.963
regression
Two-class 0.97 0.9 Learning Rate =0.33  70/30
boosted Number of leaves =
decision 36
tree Minimum leaf

instances = 7

Number of trees =

182
Two-class 0.90 0.9 Iterations = 92 70/30
SVM Lambda =

1.32272007E-05
Two-class 0.94 0.9 Maximum depth of 70/30
decision decision trees = 4

forest Minimum number of
samples per leaf = 1
Number of random
splits per node = 14
Number of decision
trees =27

connectivity applications. GE, Intel, Dell and other enter-
prises from hardware, software are considered as key role in
the development of fog commuting. Some researchers have
indicated that the distributed cloud system could increase
the utilization of the network in the future [13]. Edge com-
puting offers computing power, as well as memory, closer
to a user’s location. Oracle, IBM, Microsoft, Advantech the
main service providers also proposed the edge-based solution
(e.g., Oracle tactical edge cloud, Microsoft Azure IoT Edge).
Both types of computing will be considered in a future study.
We will train a model on the cloud but also retrain it on
the edge. This study was limited by its data sample; data
from diverse industries will be employed for data analytics
in future studies.

B. SECURITY ISSUES

Forrester’s report estimated that, by the end of 2018, half
of the businesses around the world will have used at least
one cloud service. This study has not only realized a cloud
computing service but also investigated the effects of devices
on a cloud computing environment by using tablets and
smartphones to access the environment. The cloud means that
everything is not constrained by space, time, or device. The
cloud services must comply with network security standards
to guarantee the integrity of the data of an enterprise and
protect any user that contracts such services. Some studies
surveyed the security challenges of cloud computing [23].
Some researchers have indicated that cloud computing ser-
vice users must be aware the risks of data breaches in a cloud-
based framework [23]. Validating the verification of a user
who is trying to access a cloud application when the user
signs out of a platform or changes a device is necessary for
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cloud computing. This study surveyed our account, which
was validated on a cloud platform, by changing our device
to access the cloud service. Our case studies have shown that
the cloud computing environment validated our account when
we changed our device, then validated our use of the account
information. The survey’s results show that the cloud has
multi-factorial authentication, which means more credentials
that discriminate and verify access.

VIl. CONCLUSION

Cloud computing has a growing market that many enter-
prise and organizations are adopting to enable their digital
transformation. This study not only surveyed cloud comput-
ing technologies but also current cloud computing services
research such as EaaS, LaaS, and MaaS. In Google Scholar,
results were obtained from 3,697 academic papers published
from 2010 to 2019. We used descriptive statistics, PoP, and
CiteSpace to analyze these studies. The recently proposed
concept of XaaS has quickly developed into diverse types of
services, such as EaaS, LaaS, and MaaS. The findings show
that the studies have a high number of citations. Classification
algorithms based on the standard KDD procedure were used
to analyze the imported data. The results show that data
from different industries can be imported into an authorized
cloud platform and the different algorithms had significantly
high accuracy. In the education case, this study predicted the
performance of students learning mathematics. The trained
results could aid instructors or teachers in personalizing indi-
vidual learning activities and materials. In the logistics case,
vehicle acceptability could be forecasted. The trained model
could assist car rental managers in formulating rental strate-
gies. In the manufacturing case, this study predicted equip-
ment failure and assisted in the formulation of predictive
maintenance strategies. Many consulting institutions have
emphasized the importance of cloud computing. This study
utilized cases from different industries to demonstrate that
cloud technologies offered users multiple alternatives for on-
demand infrastructure so that enterprises can avoid investing
in expensive and complex resources.

Adequate integrated cloud computing services and ICT are
prerequisites for keeping pace with the rapid rise of com-
plexity in various industries. This study successfully demon-
strates that using ML for training models on the cloud can
generate diverse cloud computing services, such as EaaS,
LaaS, and MaaS. Cloud platforms could provide personal-
ized and flexible environments for different industries and
assist in data analysis and strategy formulation. The trained
results could be integrated with third-party ML tools, such
as TensorFlow. Further, Python can be used for ML analysis
workflow. Trained modeling can be generated as a web ser-
vice for real-time analysis. This study surveyed how cloud
computing is changing the way industries practice decision-
making and problem solving with dynamically virtualized
and scalable resources provided as a service over the network
communication. The cloud platform is infinitely flexible for
data analytics, thereby giving users to make efficient analytics
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focused on users’ needs. Developers can configure cloud data
analytics using a mobile phone and tablet. However, the data
setin this study is limited, and more industries’ data should be
included in future studies. We plan to conduct further research
to repeat this analysis in other industries to investigate how
ensemble learning algorithms can transform different indus-
tries. Future work could also investigate the potential of edge
computing formed from the ubiquitous devices in wearable
object, device and other embedded objects, as such embedded
computing will become more powerful and convenience in
diverse industries [17], [27], [35].
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