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Abstract: The objective of this research was to develop a framework for understanding the Convergence of Cloud Computing, Machine Learning, and
Internet of Things as the future of Decision Support Systems. To develop this framework, the researchers analyzed and synthesized 35 research
articles from 2006 to 2017. The results indicated that when the data is massive, it is necessary to use computational algorithms and complex analytical
techniques. The Internet of Things, in combination with the large accumulation of data and data mining, improves the learning of automatic intelligence
for business. This is due to the fact that the technology has the intelligence to infer and provide solutions based on past experiences and past events.
Index Terms: Artificial Intelligence, Business Analytics, Cloud Computing, Decision Support Systems, Internet of Things, Machine Learning, Neural
Networks.
————————————————————

1 INTRODUCTION
Digital storage is now cheaper than ever (Kryder‘s Law).
The cost per gigabyte is substantially lower as compared to
the last three decades (1990 through 2010). As a result,
more applications are taking advantage of this low costs,
and are producing, storing, and archiving data at
unprecedented rates (Grimmer, 2015; Page, Hijazi, Askan,
Kantarci, & Soyata, 2016). In addition, social platforms and
instant messaging applications are generating all kinds of
multimedia data (e.g., text, images, videos, and audio).
Similarly, complex data-intensive science fields (also known
as e-science), such as astronomy, finance and economy,
biology, climatology, and medicine are producing
tremendous amounts of data (Al-Jarrah, Yoo, Muhaidatc,
Karagiannidis, & Tahaa, 2015; Jordan & Mitchell, 2015).
Noteworthy to mention, many argue that are living in the
Internet of Things (IoT) era, where there are billions of
sensors installed everywhere, such as in-home appliances,
electronic devices, intelligent wear, clothes, pets, humans,
and other living things.
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Consequently, this requires registering almost any type of
data into the Cloud in order to be processed and analyzed
to produce dynamic, and real-time results (Al-Jarrah et al.,
2015; Assem, Xu, Buda, & O‘Sullivan, 2016; Chen et al.,
2015; Page, Hijazi, Askan, Kantarci, & Soyata, 2016; Tsai,
Lai, Chiang, M. & Yang, 2014). With the unparalleled
emerging of IoT technologies, it is expected that more than
50 billion electronic devices will be connected to the
Internet and will be available at any time, as well as
accessible from anywhere (Page, Hijazi, Askan, Kantarci, &
Soyata, 2016). Therefore, this is a good opportunity to
merge IoT data with big data, and data mining (Chen et al.,
2015), to enhance the clever fields of Machine Learning
and business intelligence. Thanks to Cloud computing
technologies and their affordability, storage capacity,
parallel processing power, and increasing connectivity
speed continue to increment exponentially, and improve
dramatically in their efficiency. As a result, data intensive
and complex computational analytics tasks can be
accomplished more effortlessly, and drastically faster than
two decades ago. Accordingly, artificial intelligence and
Machine Learning are becoming more frontrunners, and
more attractive to businesses and academics in the realm
of decision-making scenarios. The foundation of this article
is based on the review of studies and proposals regarding
Machine Learning and Decision Support Systems, and how
emerging technologies and disciplines are the driving forces
of these intelligent-based computer systems. This article
begins with a section on methodology that explains how the
research reviewed was selected and examined for this
article. The section that follows is the literature review,
which was grouped according to: (a) technology trends, (b)
Machine Learning techniques, and (c) empirical disciplines
that are the driving force for the development of automated
and more intelligent independent-Decision Support
Systems. Some personal opinions and reactions are
included in this section. Finally, this article concludes with
some ideas and possible future directions proposed by the
authors.

2 METHODOLOGY
Several systematic searching approaches were conducted
in order to narrow the scope to both of our primary topics,
Decision Support Systems and Machine Learning. For this,
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the authors adopted the snowballing method conducted by
Andersson and Grönlund (2009), in order to obtain only
related and relevant articles. Bibliographies from articles,
such as Norris and Lloyd (2006), were searched and
examined for cited articles in the papers we read.
Additionally, a search strategy that comprises search terms,
process, and literature resources similar to Wen, Li, Lin, Hu,
& Huang (2012) were used. The investigation began the
searching process through scholarly databases (e.g., ACM
Digital Library, ProQuest, IEEE Xplore, Academic Search,
Science Direct, and Google Scholar, among others), by
looking for keywords like ‗Machine Learning-based DSS‘,
‗Cloud-based Machine Learning‘, ‗Decision Support
System‘, ‗Machine Learning approaches‘, ‗business
intelligence + decision making‘, ‗Machine Learning
algorithms‘, ‗Internet of Things Approaches‘, and ‗IoT +
DSSs‘, among many others. A time frame from years 2013
to 2017 was selected to limit the searching process in order
to obtain the most recent research. However, some articles
and books used are dated before this period, as some of
them were also revised and included because they
provided a foundational, fundamental, and/or pioneering
contribution or definition. Prior to analyzing the articles, a
research gap-sheet that contains the following components
was used: references (APA style), general purpose,
objectives or research questions, contribution, theoretical
framework (model and/or theory), variables (independent,
dependent and control/moderators), key findings, and focus
of research. Each of the collected articles were included in
the research gap-sheet, since it is a common practice
among researchers to use tables to organize and compile
information of collected papers (Albesher & Stone, 2016;
Wen, Li, Lin, Hu, & Huang, 2012; DeLone and McLean,
1992). Using this approach, similar to that of Albesher &
Stone (2016), helped to refine the searching process and
facilitate the classification process.

3 LITERATURE REVIEW
3.1 Cloud Computing
Technology has evolved dramatically during the last
decade. More specifically, the advent and maturity of Cloud
computing has changed the way technology services are
offered, and also how they are consumed. Cloud computing
is defined by the National Institute of Standards and
Technology (NIST); as ―a model for enabling ubiquitous,
convenient, on-demand network access to a shared pool of
configurable computing resources (e.g., networks, servers,
storage, applications and services) that can be rapidly
provisioned and released with minimal management effort
or service provider interaction." (Miller, Curran, & Lunney,
2016). Thanks to different models and offering packages,
Cloud computing service providers are making things once
unattainable possible by transforming the way scientists
and scholars are conducting their investigations by taking
advantage of the huge storage, computational capacities,
and processing power that these Cloud offerings are
capable of doing for a very reasonable price (Bishop, 2013;
Miller et al., 2016). Depending on the model of Cloud
computing that scholars use, such as Software as a Service
(SaaS), Platform as a Service (PaaS), Infrastructure as a
Service (IaaS), and Everything as a Service (XaaS),
scientists now have the opportunity to completely generate

ISSN 2277-8616

the complex computational processes required by their
investigations, with only an Internet connection, and by
accessing these services with an Internet browser and a
laptop computer (Page, Hijazi, Askan, Kantarci, & Soyata,
2016). Now, with the many possible Cloud computing
deployment methods, private, public, hybrid and
community, researchers can benefit from shared and
collaborative provisioned infrastructures (Miller et al., 2016).
Beyond the above-mentioned processing and storage
capacities, Cloud computing also allows researchers to
have confidence that their data is being ―securely‖ backed
up, with a critical best practice within the scientific process.
The flexibility of these technologies and services, for a
certain amount of money, allows one to request that the
service providers assign more resources (e.g.: processors,
memory, and disks, etc.).
This thereby increases
computational
capacities,
literally
right
almost
instantaneously. These benefits, and many other
advantages of Cloud computing, allow researchers to
obtain better and more accurate results in their
investigations. Within the increasing popularity and
research advances in Machine Learning, Cloud providers
are including Machine Learning as a service (MLaaS) on
their list of offerings by building and reshaping their
business models (Miller et al., 2016). Consequently, these
offerings have made a serious impact on the technology
industry. As a result, Cloud computing service providers
have started to offer powerful, cost-effective, reliable, and
capable platforms for researchers and scholars by allowing
them to combine multiple Machine Learning algorithms and
techniques to increase accuracy, and to decrease
computational effort in the training process of the systems
built (Lavecchia, 2015; Miller et al., 2016).

3.2 IoT & Machine Learning
The Internet of Things (IoT) has been defined by The
Global Standards Initiative on Internet of Things (IoT-GSI)
―as a global infrastructure for the information society,
enabling advanced services by interconnecting (physical
and virtual) things based on existing and evolving
interoperable information and communication technologies.‖
IoT emerged from the need to manage, automate, and
explore all devices, sensors, and instruments around the
world (Chen et al., 2015). It provokes industry disruptions
and transformations, as the latter often originates from
major technological advances (Gusmeroli, Haller, Harrison,
Kalaboukas, Tomasella, Vermesan, & Wouters, 2009). As
recent as May 2017, Machine Learning & IoT platforms are
the trigger innovations that have caused a peak in the
inflated expectation scales of the hype cycle of emerging
technologies according to Gartner chart (Gartner, 2017).
This hype should be taken very seriously given that in the
future, billions of devices will be connected through the
Internet (Assem et al., 2016; Gusmeroli, Haller, Harrison,
Kalaboukas, Tomasella, Vermesan, & Wouters, 2009;
Page, Hijazi, Askan, Kantarci, & Soyata, 2016). IoT devices
proliferate the computer industry and everything can be
equipped with identifying, sensing, and network capabilities
that allow them to communicate among each other over the
Internet –e.g., cars, medical devices, home appliances,
cameras, and almost anything we can think off (Tsai, Lai,
Chiang, & Yang, 2014; Whitmore, Agarwal, & Da Xu, 2015).
The global use of more interconnected electronic devices is
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creating massive amounts of data, which have to be
securely distributed, stored, managed, and analyzed.
Consequently, the amount of data could potentially grow to
be unmanageable; databases are becoming more complex,
and the information overload is continually increasing
(Page, Hijazi, Askan, Kantarci, & Soyata, 2016). At the
same time, data is becoming more usable and relevant than
ever. All of these brings new opportunities and challenges
to decision makers regarding how to handle high-speed
data input that can be used, and how to optimize business
analytics and decision based on IoT data (Assem et al.,
2016; Chen et al., 2015). One of the challenges is the
quality of data, which is poor and comes from a variety of
data sources inherently possessing different types and
representation forms.
Furthermore, some data is
heterogeneous, structured, semi-structured or even
completely unstructured (Chen et al., 2015). Here is where
Machine Learning comes with different techniques, that
when applied to IoT, will transform collected data into
meaningful and useful information that can later be
transformed into knowledge (Tsai, Lai, Chiang, & Yang,
2014)

3.3 Machine Learning (ML)
Machine Learning (ML) was first introduced in the late
1950s through the 1970s as an artificial intelligence
technique (Mitchell, 2004; Turban, Sharda & Lenen, 2012;
Reshi & Khan, 2014; Alsheikh, Lin, Niyato, & Tan, H.-P.
2014). According to Mitchell (1997), ML is a self-contained
sequence of actions that permits computer programs to
automatically learn and improve from historical data. It is
predominantly concerned with the design and development
of algorithms that allow computers to learn based on
experience. Its main focus is also on how can one develop
a program that automatically improves from experience. An
additional concern is what are the fundamental statisticalcomputational laws that will govern all of these learning
systems (Jordan & Mitchell, 2015). Since its conception, it
has evolved to a more robust and sophisticated
computational algorithm and these techniques that have
been widely used in an extensive variety of tasks. Most of
them include regression, intrusion detection, diagnosing
and monitoring, classification and density estimation
(Alsheikh, Lin, Niyato, & Tan, 2014; Assem et al., 2016;
Wen et al., 2012). ML can be applied in a variety of fields
such bioinformatics, statistics, neuroscience, computer
engineering,
mathematics,
business
management,
medicine, and computer science, among others. It helps
and provides the potential to automatically solve a wide
range of complex decision making and analytical tasks
(Assem et al., 2016; Reshi & Khan, 2014; Wen et al., 2012).
The different approaches of ML, such as Support Vector
Machine (SVM), artificial neural networks (ANN), decision
trees (DT), K-nearest neighbors (k-NN), and NonParametric Bayesian techniques, are becoming increasingly
popular in recent years (Johnson et al., 2016; Lavecchia,
2015). With the added aggressive penetration and
acceptance of improved and new technologies, solutions
providers are mixing their offerings to supply the market
demands, and to stay up-to-date with the state-of-the-art
technology trends. Likewise, researchers are exploring
hybrid ML techniques where multiple methods are
combined to increase predictions quality (Deo, 2015;
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Lavecchia, 2015; Safdar, Zafar, Zafar, & Khan, 2017).
Table 1 shows a brief description of the mentioned ML
popular approaches.
TABLE 1
Machine Learning Popular Approaches

Source: Adapted from Iniesta, Stahl, & McGuffin, 2016;
Kang, Schwartz, Flickinger, & Beriwal, 2015; Reshi & Khan,
2014; Safdar et al., 2017; and Turban, Sharda & Lenin,
2012.
ML approaches are generally categorized in three major
categories according the learning processes: supervised,
unsupervised and semi-supervised (Iniesta et al., 2016;
Libbrecht & Noble, 2015; Turban, 2012). Supervised
learning is a process that typically involves the development
of algorithms that are used as input induced knowledge
from a dataset, or a set of observations whose results are
known and able to guess specific outcomes (Iniesta, Stahl,
& McGuffin, 2016; Turban, 2012). This learning process
involves regression and classification problems (Iniesta,
Stahl, & McGuffin, 2016). In contrast, unsupervised learning
is a process where algorithms are developed to discover
knowledge from a dataset where the results are unknown or
are unpredicted (Iniesta, Stahl, & McGuffin, 2016; Turban,
2012). In between, is the semi-supervised learning, which
combines and integrates insights from supervised and
unsupervised techniques by inducing knowledge from a
dataset where the outcome is known uniquely for a minor
amount of data (Iniesta et al., 2016; Libbrecht & Noble,
2015). It is important to know these categories in order to
decide, based on the prior knowledge about the problem,
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which Machine Learning approach best-fits the developer‘s
requirements when building an advanced intelligent
Decision Support System (Libbrecht & Noble, 2015). This
literature review found that the vast majority of the
investigations fell under the category of supervised
learning.

3.4 Decision Support System (DSS)
One of the many technology fields that has been present for
a while is the Decision Support Systems (DSS), which has
evolved to become business intelligence (BI). DSS can be
traced back to early 1970s when Scott-Morton articulated it
and defined it as an ―interactive computer-based system,
which helps decision makers utilize data and models to
solve unstructured problems‖ (Gorry & Scott-Morton, 1971).
It is important to know that nowadays, DSS is a broader
term used to describe any computerized information system
that supports decision makers, which can be either an
organization or an institution (Turban, Sharda & Lenen,
2012; Kautish, 2012). Researchers and academics in this
technology field have studied and developed different
computational processing algorithms and data analyzing
systems and techniques, in order to assist people with their
work and daily living habits. More specifically, scholars
have been investigating how technology may assist
humans with their business and scientific decision-making
processes, in order to allow them to formulate faster,
smarter, and well-informed decisions (Reshi & Khan, 2014;
Turban, 2012). Informed decisions refer to actions taken
after considering the vast majority of possible scenarios
with the empirically observed and analyzed data. This
information includes past and present facts. All of these
becoming more accurate with each decision that is made.
Decision makers need to be very precise and accurate with
their choices, and this is not an easy task in the over
saturated information era (Reshi & Khan, 2014). A wrong
decision could mean paying a very high price, or provoking
potentially serious consequences to any organization or
institution. It is in this realm where information technology
becomes useful to assist decision makers, or at least steers
them in the right direction. In these cases, technology is
smart enough to infer and provide solutions based on using
past and present experience and knowledge that includes
facts that could not be solved without human-like
intelligence and assistance. When massive amounts of data
or scenarios exist, Machine Learning emerges more robust
and viable with computational algorithms and complex
analyzing techniques.
3.5 Driving Disciplines
While conducting this research review, it was noticed that
DSS is a multidisciplinary technology field that has been
broadly studied, as Garry and Scott Morton (1971) first
conceptualized, and has impacted many other disciplines,
which include artificial intelligence, software engineering,
database research, probability and statistics, psychology,
simulation methods, and human computer interaction,
among many others (Kautish & Thapliyal, 2012; Mitchell,
1997). As pointed by Safdar, et al. (2017), some of the most
widely used Machine Learning-based techniques in
medicine are neural networks. In medicine, neural networks
are used for solving clinical problems, which primarily cover
diagnosis and prognostic monitoring. These methods are
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primary used to assimilate different patterns, and to be
used as the knowledge base for computer-aided Decision
Support Systems (CDSS) in order to provide
recommendations at the time of decision making (Safdar, et
al., 2017). Empirical sciences (a.k.a. e-Sciences or dataintensive sciences) such as astronomy, geology,
meteorology, biology, climatology, medicine, e-commerce
and, finance and economy are among the some of the most
contributing and driving disciplines because of the huge
amount of data that they are producing (Al-Jarrah et al.,
2015; Jordan & Mitchell, 2015). This motivates and
challenge researchers, statisticians, and application
developers to construct more capable, complex, scientific,
and intelligent algorithms and information systems to
process and analyze the massive volume of generated
data, in order to help decision makers, and make better and
well-aimed choices (Al-Jarrah et al., 2015; Jordan &
Mitchell, 2015). These data-intensive disciplines make the
use of Machine Learning techniques to aid in the scientific
discovery process, and are being used to discover unusual
astronomical objects, to characterize complex patterns of
the brain, and to learn models of gene expressions (Reshi
& Khan, 2014). According to Reshi & Khan (2014), Machine
Learning techniques are redesigning the practice of many
empirical sciences, and consequently, these data-intensive
sciences are holding sessions on Machine learning as part
of the field‘s conferences. With the exponential growth of
empirical scientific data, using Machine Learning and
appropriate data modeling have exhibited a rising trend due
to its ease in handling large datasets. Statistics and
probabilistic, two of the major contributing science
disciplines for Machine Learning (Libbrecht & Noble, 2015),
can take advantage of the massive amount of data that
comes from the above-mentioned sources that Decision
Support Systems (DSS) can process. This can be used in
order to produce more accurate outcomes, thanks to the
quality and quantity of data available. At the same time, this
can benefit business decision makers, since they can make
better and more well-informed decisions. This massive data
analysis and knowledge acquisition allows them to have an
advantage among their competitors, because these
systems are analyzing and taking into consideration a wide
range of different scenarios and possibilities. DSS will
support
managerial
decision
makers
with
their
organizational responses (e.g., strategy, alliances, new
business models, real-time response, and increased
productivity) to business environment factors and pressures
(e.g., market conditions, competition, spending patterns,
company capabilities, globalization, customer demand, and
government regulations, among others) (Reshi & Khan,
2014; Turban, Sharda & Lenin, 2012).

4 DISCUSSION & CONCLUSION
The technologies, algorithms, and techniques of Machine
Learning and Decision Support Systems, impact the
different fields, disciplines, industries which benefit from
and contribute to this discipline of computer science. The
continuous evolution of Cloud computing and its
increasingly accessible offerings (SaaS, PaaS, IaaS and
XaaS), are transforming the way scholars are conducting
and executing their research, by taking advantage of the
flexibility, scalability, and ease of the use of these Cloudbased technologies. When the data is massive, it is
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necessary to use computational algorithms and complex
analytical techniques. The Internet of Things, in
combination with the large accumulation of data and data
mining, improves the learning of automatic intelligence for
business intelligence. Researchers have developed
different computational algorithms and data analyses to
help people in their work and daily living habits. On the
other hand, technology helps human beings with their
businesses by making the processes more efficient, faster
and more intelligent. Additionally, technology has the
intelligence to infer and provide solutions based on past
experiences and past events. This can be accomplished
through hybrid Machine Learning techniques where multiple
methods are combined to increase the quality of the
predictions (Deo, 2015; Lavecchia, 2015; Safdar, Zafar,
Zafar, & Khan, 2017).
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