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Abstract

Context awareness systems, a subcategory of
intelligent systems, are concerned with suggesting
relevant products/services to users' situations as smart
services. One key element for improving smart
services’ quality is to organize and manipulate
contextual data in an appropriate manner to facilitate
knowledge generation from these data. In this light, a
knowledge-based approach, can be used as a key
component in context-aware systems. Context
awareness and knowledge-based systems, in fact, have
been gaining prominence in their respective domains
for decades. However, few studies have focused on
how to reconcile the two fields to maximize the benefits
of each field. For this reason, the objective of this
paper is to present a literature review of how context-
aware systems, with a focus on the knowledge-based
approach, have recently been conceptualized to
promote further research in this area. In the end, the
implications and current challenges of the study will
be discussed.

Keywords:  Knowledge-based,
Knowledge system, Literature review.

Context-aware,

1. Introduction

Due to advancements in ubiquitous computing,
along with the evolution of big data, the impact of
context awareness has increased considerably across
various fields such as computing, big data, IoT, or
information systems (IS) (Pradeep & Krishnamoorthy,
2019). In the field of IS, context awareness is
considered as a significant factor to improve users’
services. The capacity of systems to provide services
and/or products appropriate to the circumstance of
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users is essential to improve their satisfaction and their
engagement. Those systems are termed as smart or
context-aware systems (Dam et al., 2021, 2022; Le
Dinh & Dam, 2021), which is considered as a
subcategory of intelligent systems (Dreyer et al.,
2021). With the proliferation of data in the digital area,
context information can be acquired from various
sources (sensors, web services, or other data
repositories). Hence, context data can be enormous,
highly heterogeneous, and complex to be processed.
Leveraging context data to improve smart services,
therefore, is a non-trivial task. To address this issue,
contextual data should be well-organized and
transformed to useful knowledge in smart systems,
(Dreyer et al, 2021). From this perspective,
knowledge-based approaches show their influence in
context-aware systems due to their capability of
representation and inference. The importance of
context awareness and knowledge, especially in the IS
domain, is highlighted in the literature (Beverungen et
al., 2017; Dam et al., 2022; Dreyer et al., 2021; Le
Dinh et al., 2021). The majority of context awareness
research is concerned with the engineering aspect of
processing raw contextual data from sensors and
applying that processed data in smart environments
(smart homes, smart cities, or devices). Knowledge-
centric research, on the other hand, is concerned with
the managerial or the business aspect of representing,
manipulating, and disseminating knowledge to
generate (business) insights (Alavi & Leidner, 2001).
Few studies concentrate on how to reconcile the two
fields to propose a holistic and comprehensive
approach for the conception and application of
context-aware capacities and knowledge bases in
smart systems. Consequently, an examination of
context-aware  systems in  conjunction  with
knowledge-centric research is required. These smart
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systems are known as context-aware knowledge-based
systems (Le Dinh et al., 2021).

To stimulate future works on context-aware
knowledge-based systems, this paper aims at
providing an overall synthesis of how to conceptualize
and implement context-aware systems, which leverage
knowledge-based approaches to provide smart
services to users. To achieve this objective, this paper
addresses the following research questions: What is
the state of the art in the conception and development
of a context-aware system, with an integration of
knowledge bases? More precisely, this paper focuses
on behavioral (i.e., processes or steps/activities to
design and implement a system) and structural aspects
(i.e., components of a system), which must be
considered in any system conception and design.

Accordingly, the remainder of this paper is
structured as follows. Section 2 focuses on the
theoretical background related to context awareness
systems and the utilization of knowledge bases.
Section 3 presents other literature related to context-
aware systems and/or knowledge-based systems.
Section 4 continues with the adopted methodology to
conduct this literature review. To respond to the
research questions identified, Section 5 describes the
classification of selected studies regarding behavioral
and structural aspects of a system conception and
development. Section 6 presents analysis results. A
brief discussion of research implications and future
research directions is also described in Section 7.
Finally, Section 8 provides a summary of findings.

2. Theoretical background

This section briefly presents the theoretical
background on which this literature is conducted,
including the notion of context-aware system and the
role of knowledge bases in those systems.

Context is defined as any information that helps
identify the situation of an entity (e.g., a specific user
in smart services; Abowd et al., 1999). Context
information, from the IS perspective, can describe user
context (e.g., user profiles or preferences; Feng et al.,
2004; Kang et al., 2008) or environmental context
(e.g., time, location, or devices related to a particular
user; Feng et al., 2004; Kang et al, 2008).
Accordingly, context-aware systems (also termed as
smart systems) are the ones, which have the capacity
for acquisition, processing, and utilization of context
information to provide services relevant to users’
situations (Sanchez-Pi et al., 2012). To facilitate the
conception of context-aware systems, various studies
have been proposed to clarify the main stages of the
transformation from context information to
deliverable services (Bernardos et al., 2008; Hu et al.,

2008; Perera et al., 2014; Pradeep & Krishnamoorthy,
2019).

The knowledge-based approach is a research
domain, which has reached the maturity for decades.
A knowledge-based system is defined as a system that
reasons and uses a knowledge base to solve complex
problems. From context-aware system practices, a
knowledge base supports the process of structuring
tasks, inference rules, domain knowledge, or context
information into a suitable form to enhance the
reasoning process (Sanchez-Pi et al., 2012). A
knowledge-based approach, which places emphasis on
how to structure data in a meaningful way, aims at
increasing the accuracy and efficiency of context
awareness (Al Nuaimi et al., 2015).

3. Related work

This part analyzes other literature reviews, which
have been conducted on the conception and
development of context-aware systems and/or
knowledge-based systems to explain the motivations
underlying this study. These issues have been studied
in the literature for decades.

In the context-aware research stream, various
studies have been published to clarify concepts related
to  context-aware  systems, as well as
processes/methods ~ for  conceptualizing  and
implementing those systems. For example, Perera et
al. (2014) introduce a general framework, which
captures various aspects such as techniques for context
acquisition and reasoning, models, or main
components of context-aware ecosystems from an [oT
perspective. Bibri and Krogstie (2017), and Dinh et al.
(2020) examine the application of context awareness
through the lens of big data analytics. Abbas et al.
(2015) concentrate on key characteristics of context-
aware recommendation systems built upon Al-based
techniques such as fuzzy logic, and Artificial Neuron
Networks (see also Champiri et al., 2015; Villegas et
al., 2018). Pradeep and Krishnamoorthy (2019)
highlight three building components (Modeling,
Organisation, and Middleware) to develop context-
aware systems.

In the knowledge-centric research stream,
knowledge has an inevitable role to provide context-
aware services/products efficiently (Al Nuaimi et al.,
2015; see also Dreyer et al., 2021; Le Dinh et al.,
2021). However, Dreyer et al. (2021) aim at clarifying
requirements and design principles for knowledge
management systems for smart services rather than
examining all phases from design to implementation
of those systems. Le Dinh et al. (2021), on the other
hand, emphasize different knowledge components
(e.g., know-who, know-what) used in context-aware
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systems but do not mention technical aspects for
implementation (e.g., algorithms used for context
reasoning, models employed for context modeling).
A number of studies on context-aware system
conception and design could be found in the literature.
However, to the best of our knowledge, there are few
studies focusing on the connection between
knowledge management and context-aware systems.

4. Methodology

To conduct this literature review, a search design
based upon a concept-centric methodology was
adopted (Webster & Watson, 2002). Figure 1 depicts
the search process carried out to complete this
literature, including five stages: Identification,
Abstract screening, Full text scanning, Backward and
forward searches, and Selection.

Identification
349 articles identified from searches performed on popular academic databases

329 articles screened on abstract after duplicates removed

[ Abstract screening ]

Full text screening
68 articles scanned in full text after abstract screening

v

Backward and forward searches l

5 articles added after backward and forward searches

y

Selection
48 articles selected for final analysis

Figure 1. Search process

In Identification stage, searches were performed
on popular academic databases, including ProQuest,
ScienceDirect, JSTOR, IEEE Xplore, and ACM
Digital Library. The relevant articles were retrieved by
using two key indicators: “context-aware” (or its
synonym: “context awareness”) and “knowledge” on
articles’ title, abstract, or keywords. This paper only
takes into account articles published between 2014-
2022 in peer-reviewed conferences and/or leading
journals in information systems with a high impact
factor to ensure a comprehensive and high-quality
review.

In Abstract screening stage, articles met one of
the following exclusion criteria (EC) will be
eliminated. EC#1: Articles focus on NLP processing
or Al algorithms rather than on an overall approach for
conception and development of smart systems. EC#2:
The notion “knowledge” is not mentioned.

In Full text scanning stage, articles met all
following inclusion criteria (IC) will be chosen. IC#1:
Components and processes for constructing a context-
aware system are clarified and considered as major

contributions. IC#2: Knowledge bases are mentioned
as an important part in the context-aware systems.

Backward and forward searches were also
conducted to guarantee the selection of the most
relevant publications (Webster & Watson, 2002).

Finally, in Selection stage, 48 articles are chosen
for final analysis.

Table 1 presents the distribution of selected
papers. According to Table 1, the significant
proportion of relevant articles comes from Expert
Systems with Applications (33%), followed by
Knowledge-Based System (23%), and other Ql
journals (the top 25% of journals, according to
Scimago ranking) in the information system or
pervasive computing (26%). Other conference papers,
which are also well-referenced, are the proceedings
retrieved from ACM, AIS, and IEEE.

Table 1. Distribution of selected papers

Journal Quantity | Percentage
Expert Systems with 17 33%
Applications
Knowledge-Based 11 23%
Systems
Pervasive Computing 4 8%
Decision Support 3 6%
Systems
Computers in Industry 3 6%
Engineering 2 4%
Applications of
Artificial Intelligence
Information & 1 2%
Management
Other conference papers 7 13%
retrieved from IEEE,
ACM, AIS

Total 48 100%

5. Classification of selected papers

This section introduces key factors for grouping
the retrieved articles, which cover two aspects of a
context-aware knowledge-based system: behavioral
and structural aspects.

The behavioral aspect deals with
processes/methods and techniques of transformation
from contextual data to deliverable services. Inspired
by the proposition of Perera et al (2014), Pradeep and
Krishnamoorthy (2019), and Sanchez-Pi et al. (2012),
the behavioral aspect is concerned with four factors as
follows. Acquisition gathers context information from
diverse sources. Representation organizes context
information in a suitable structure, according to the
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purpose and application. Reasoning exploits context
information to derive meaningful knowledge.
Dissemination deals with how to deliver context-
based services to users (Perera et al., 2014).

The structural aspect provides an overview of the
storage components of a context-aware knowledge-
based system. This aspect consists of three factors as
follows. Data repositories and knowledge bases act
as storage units. Data repositories are usually based
upon a tabular structure, whereas knowledge bases

require a knowledge structure (or knowledge model)
(Le Dinh & Dam, 2021) to represent entities within a
knowledge base and their relationships.

Each factor is considered as a unit of analysis
(Webster & Watson, 2002). Table 2 describes a
synthesis of selected articles according to the 7-units
of analysis. The articles are noted with three degrees
of intensity: highly cover (***), moderately cover
(**), and slightly cover (*) (Dam & Dinh, 2020;
Rickenberg et al., 2012).

Table 2. Synthesis of selected articles

Behavioral aspect

Structural aspect

g = o 2
£ z 5 g £ 2 | 2£| 2
z S| £ 5 5| = EE %
o @ - -
< oy &~ 2 < Q @ e
&~ = a M
Livne et al. (2022) otk
Del Carmen Rodriguez-Hernandez and Ilarri (2021) * * 3k *
Hussain et al. (2021) * * * *
Lietal. (2021) *% ok ok * *
Musto et al. (2021) Hkok k%
Yuen et al. (2021) ok
Campana and Delmastro (2021) oAk
Oh et al. (2021) koK
Huet et al. (2021) * ok ok *
Fertier et al. (2021) * * * * * *
Igbal et al. (2021) ook o *
Alsaig et al. (2020) gk ok *
Bettini et al. (2020) % ok * o ok
Liu et al. (2020) ok
E.J. Kim et al. (2019) ok
Song et al. (2019) ok k ok ok k ok *
J. Kim et al. (2019) *Hk * ok o *
Afzal et al. (2018) * * ok ok *
Nogueira et al. (2018) * *oHk * * o *
Navarro et al. (2018) *ok k% o weok % *
Obaidat et al. (2018) Hokok ok o * * *
Esposito et al. (2018) ok Hokok otk *k sk ok
Haque and Khan (2018) *% gk *% *%
Minkov et al. (2017) * ok
Chahuara et al. (2017) ok k ok wkk o
Xiao et al. (2017) gk ok *
Garcia-de-Prado et al. (2017) *Hk o
Pramanik et al. (2017) * * * * *
Mishra et al. (2017) * Hokok otk ok o
Meditskos and Kompatsiaris (2017) *x *x
Unger et al. (2016) *Hk *oHk *
Sundermann et al. (2016) ok ok *
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Behavioral aspect Structural aspect
= s | & 3
2 = = S 3
£ 2| §| 8| 5 %E| 2
< | £ | 5| 5| 2E| %
< oy &~ 2 < Q @ e
- _ a 2
Barbosa et al. (2016) * otk * *
Zhu et al. (2016) otk ¥
Bradesko et al. (2016) * Hokok otk sk ok
Meditskos et al. (2016) * ok otk ok sk
Hou et al. (2015) ok ok wokok wkk * * *
Aihe and Gonzalez (2015) gk *%
Colombo-Mendoza et al. (2015) * * sk *
Muioz et al. (2015) otk *
Viktoratos et al. (2018) * *% ok ¥ * *
Lee et al. (2015) otk
Sohn et al. (2015) ok *% *
Evchina et al. (2015) ok Hokok ook * *
Diaz Rodriguez et al. (2014) *okok ok ook
Neves et al. (2014) * ek *
Nguyen et al. (2014) *% Hokok otk ek ok *
Han et al. (2014) okeok k%
Total (articles) 32 35 40 19 14 24 25
Total (weighted) 66 81 97 32 15 37 31
Notation: highly cover (*x1), moderately cover (**x2), and slightly cover (***x3)

6. Analysis of the literature review

This section presents analysis results of selected
papers according to 7 units of analysis as mentioned
before. The detailed analysis is presented as follows.

6.1. Behavioral aspect

As presented in Table 2, four factors of the
behavioral aspect, except the Dissemination factor,
have attracted significant research attention, with
67%, 73%, and 83% of reviewed papers considering
the perspectives of acquisition, representation, and
reasoning in their studies, respectively. The following
is a summary of current research on these factors.

Acquisition. 32 articles involve context
acquisition, which is responsible for collecting and
extracting contextual information from physical
sources (sensors) or virtual sources (websites or data
repositories). Context information can be classified as
low-level and high-level context (Afzal et al., 2018;
Perera et al., 2014). Low-level context is retrieved
directly from physical sensors and is mainly less
meaningful. High-level context, which is more

meaningful and suitable for reasoning, can be
extracted from low-level data through advanced
processing techniques (Perera et al., 2014). Machine
learning techniques were adopted to discover hidden
contexts from raw data (Livne et al., 2022; Unger et
al., 2016). For example, Campana and Delmastro
(2021) apply clustering algorithms to extract
environmental context (e.g., location, nearby devices)
from the mobiles. Afzal et al. (2018), Chahuara et al.
(2017), and E. J. Kim et al. (2019) emphasize the
separation between a low-level and high-level context
for accurate reasoning and the capacity of reusability.

Representation. A total of 35 articles deals with
context modeling/representation, which focus on
organizing context data in an appropriate format for
reasoning. Among many context modeling techniques
(e.g., markup schema, object-based, logic-based), the
ontology-based approach is still the most prominent
tool due to its expressiveness and rich capacity of
reasoning (Perera et al.,, 2014). In most reviewed
articles, ontologies are adopted to model context,
content domain, activities/tasks, and many others
(Bettini et al., 2020; Chahuara et al., 2017; Colombo-
Mendoza et al., 2015; Diaz Rodriguez et al., 2014;
Muiioz et al., 2015; Neves et al., 2014). Besides, the
logic-based approach can help represent contextual
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knowledge through declarative languages (Alsaig et
al., 2020; Xiao et al., 2017). Literature also
acknowledges the use of knowledge graphs (Hogan et
al., 2021) in organizing more complex context data
(e.g., social interaction context; Hou et al., 2015; Huet
et al., 2021; Musto et al., 2021).

Reasoning.  Context  reasoning  involves
knowledge generation by inferring context data
(Perera et al., 2014). As presented in Table 2, context
reasoning, along with context representation, has
gained great attention from research communities. 40
articles emphasize their focus on context reasoning.
Various reasoning techniques (e.g., supervised,
unsupervised, logic-based, ontology/semantic-based,
fuzzy-based, rule-based) can be applied to exploit
context data. Adoption of these techniques must
conform with selected modeling techniques (Perera et
al., 2014). Due to the dominance of ontology-based
modeling, semantic-based (Diaz Rodriguez et al.,
2014; Muiioz et al., 2015; R. Song et al., 2019) and
rule-based (Huet et al., 2021; Viktoratos et al., 2018)
techniques are adopted in numerous studies. Graph-
based reasoning, where the reasoning is performed on
edges of graphs through graph-based algorithms (e.g.,
random walk), can also be adopted for context
extraction and mapping (Han et al., 2014). Finally, a
hybrid approach combining different reasoning
techniques is proposed to overcome the drawbacks of
each technique (Alsaig et al., 2020; Bettini et al., 2020;
Diaz Rodriguez et al., 2014; Perera et al., 2014).

Dissemination. Stemming from the definition in
(Perera et al., 2014), this study extends and defines
dissemination as means used to deliver context-based
services to users. Only 19 articles mention service
delivery as a part of their system. Context-based
services can be employed in specific applications
(recommendation systems, or healthcare monitoring
systems) and delivered through interfaces (Colombo-
Mendoza et al., 2015; Sohn et al., 2015). Some
articles, particularly, highlight the dissemination by
explicitly determining an application layer of delivery
services (Afzal et al., 2018; Navarro et al., 2018).

Based on current research on four factors of the
behavioral aspect presented above, the following
research gaps have been identified.

G#1. Acquiring high-level context appears to
draw less attention. User profiles or preferences,
which are critical to personalized services, have
received little attention in context-aware systems.

G#2. Context data can come from a variety of
large-scale and heterogenecous sources (Pauleen &
Wang, 2017). The issues of adapting context
modelling to such complex data have not been studied.

G#3. From knowledge-centric research, context
reasoning factor is less discussed.

G#4. Service dissemination/delivery does not
seem to have attracted much attention.

6.2. Structural aspect

In terms of the structural aspect, the weight
demonstrates that storage dimension is not highlighted
in the selected articles; however, they are still the
major components in context-aware systems. A
summary of current research on these factors is
provided below.

Data repository. In knowledge-based systems,
data repositories (i.e., enterprise data storage entities
into which data has been specifically partitioned for an
analytical or reporting purpose) are often used to store
low-level data, which are primarily retrieved from
sensors. Only 14 articles concern data repository. Data
repositories can store low-level context data for further
processing (E. J. Kim et al., 2019; Sundermann et al.,
2016; Xiao et al., 2017), or even high-level context
data such as user profiles (Colombo-Mendoza et al.,
2015; Li et al., 2021).

Knowledge base. Knowledge bases are generally
utilized to store more meaningful information, which
are usually derived from low-level data through
mining techniques. 25 articles mention knowledge
base in their studies. While data repositories contain
mainly low-level data, knowledge bases are generally
utilized to store more meaningful data. In context-
aware systems, knowledge bases are responsible for
containing high-level context (Bettini et al., 2020;
Chahuara et al., 2017; Navarro et al., 2018), content
domain (Diaz Rodriguez et al., 2014; Navarro et al.,
2018; Neves et al., 2014), rules for context reasoning
(Hussain et al., 2021; Viktoratos et al., 2018; Xiao et
al., 2017), and many others (Bettini et al., 2020;
Chahuara et al., 2017). Ontologies are still the most
popular means for knowledge bases.

Knowledge structure. A knowledge structure
defines concepts and/or interrelations between the
concepts, which are used for organizing information in
the knowledge base. From the IS perspective, a
knowledge model can feature various knowledge
components, for example, know-who, know-what,
know-how, know-when, know-who (Le Dinh et al.,
2021). To facilitate the reasoning process and improve
reasoning accuracy, high-level context data and other
information related to reasoning (e.g., content data)
need to be organized in a suitable structure (i.e.,
knowledge structure or model; Alsaig et al., 2020;
Xiao et al., 2017). This structure defines relationships
and constraints between context information. 24
articles mention knowledge structure (or knowledge
model) in their studies (Alsaig et al., 2020; Esposito et
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al., 2018; Haque & Khan, 2018; Navarro et al., 2018;
Nogueira et al., 2018).

The preceding synthesis has revealed the
following research gap on context-aware knowledge
base’s structural aspect.

G#5. According to the research gaps G#2 and #3,
knowledge bases and structures should consider large-
scale and heterogeneous sources to propose effective
context-aware services. However, the issues of how to
construct knowledge bases based upon an appropriate
structure to generate insights for smart services have
not been mentioned in current research.

7. Discussion and future research
directions

This section discusses future research directions
related to the conception and design of context-aware
knowledge-based systems to address the identified
research gaps. These trends are summarized in Table
3 and discussed further in the following sections.

Table 3. Summary of future trends

Future trends Research gaps
High-level context acquisition G#l

Reasoning from the business G#3
perspective

Service dissemination solutions | G#4
Knowledge bases for context- G#2, G#5
aware systems

Towards a combined solution G#1>G#5

High-level context acquisition. Extracting data
from sensors has been researched for a long time in the
field of ubiquitous computing or the internet of things.
In these domains, researchers mostly focus on the
extraction of low-level context data from sensors
through data mining or machine learning techniques.
The low-level, however, are not suitable for reasoning
processes (Alsaig et al., 2020) and even meaningless
in terms of business goals (R. Song et al., 2019).
Indeed, exploring high-level context (e.g., user
preferences or profiles) plays a significant role to
produce more valuable business insights. Deducing
high-level context from low-level data is a non-trivial
task due to the complexity of raw data. Further studies
on the acquisition of high-level context such as user
profiles or preferences are important for a more
efficient context-aware system.

Reasoning from the business perspective.
Many papers emphasizing context reasoning
demonstrate its significance. However, the question of
how to select and/or implement context reasoning

techniques appropriate for more meaningful
knowledge generation from diverse context data is still
a challenging task. Many techniques born in the Al
field (e.g., supervised/unsupervised learning,
Artificial Neuron Networks) may be effective in
processing raw data to acquire context information
(Perera et al., 2014), but they may not be dedicated to
inferring context from the managerial and business
perspectives. This inference may help to response to
business questions such as what services/products
should be delivered to whom, for what reasons, and
how should those services be used?

Service dissemination solutions. In a society
dominated by services, data are valuable only if they
can be transferred to knowledge, which in turn are
applied to generate insights (Dam et al., 2022; Malik
et al., 2019). From this perspective, context needs to
be delivered to create value. Only knowledge
application can lead to enhance organization
performance (Alavi & Leidner, 2001). Even though
several studies or other literature reviews have
mentioned delivery models for context-based services
(Colombo-Mendoza et al., 2015; Navarro et al., 2018),
not enough attention has been given to this factor.

Knowledge bases for context-aware systems.
Knowledge have a significant impact on the provision
of high-quality context-aware services (Al Nuaimi et
al., 2015). With the rapid expansion of data due to the
evolution of technologies, it is critical to structure
knowledge in a way that facilitates various sources of
data (Pauleen & Wang, 2017). As revealed in the
literature, context should be well structured in
knowledge bases to facilitate the reasoning process.
Context modeling/representation must be also suitable
to such complex knowledge. Knowledge graphs and
ontologies may be promising solutions for
representing large and complex context data (Hogan et
al., 2021). However, structuring and implementing of
knowledge bases dedicated to context-aware systems
should be further investigated.

Towards a combined solution. According to the
analysis of selected papers, context-aware and
knowledge-centric research remain important topics
and trends in their respective domains. Each research
stream, however, has a distinct focus. In context-aware
stream, researchers concentrate on context data
acquisition and reasoning rather than knowledge
application for business insight generation. In
knowledge management stream, various approaches
have been proposed to organize and disseminate
knowledge to generate insights within an organization,
but there has been less emphasis on the contextual
factor of knowledge-based systems (Hussain et al.,
2021). To facilitate the conception and design of
context-aware knowledge-based systems, a combined
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solution, which considers both knowledge
management and context-aware design aspects, needs
to be further investigated.

8. Conclusion

Nowadays, smart systems play an important role
to improve users’ satisfaction and engagement. In
those systems, context awareness is considered a vital
factor to enable the intelligence of those systems. The
topic of context awareness, which originated in the
pervasive computing domain, has been investigated
for decades. However, numerous studies concentrate
on applying techniques to acquire context information
from raw data rather than organizing context data in a
way that can facilitate insight generation. In order to
promote the design of context-aware systems with the
focus on the inside generation, the paper presents a
holistic overview of how those systems have been
studied in the current literature review.

In terms of originality and findings, this is the first
paper to examine smart systems through two lenses:
computing and IoT, which covers context awareness;
and knowledge management, which covers knowledge
representation, manipulation, and application for
insight generation. The findings of the paper can help
to clarify the overall process of transforming
contextual data to insights through various stages
(Acquisition, Representation, Reasoning, and
Dissemination). These findings also shed light on the
significance of a knowledge model and knowledge
bases within a smart system. This type of synthesis
can, first and foremost, enrich the literature. Secondly,
it can help to advance future research directions from
two perspectives: computing and knowledge-centric
research streams.
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