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Abstract: Agenda 2030 of Sustainable Development Goals (SDGs) 9 and 11 recognizes tourism as one
of the central industries to global development to tackle global challenges. With the transformation
of information and communication technologies (ICT), e-tourism has evolved globally to establish
commercial relationships using the Internet for offering tourism-related products, including giving
personalised suggestions. The contextual suggestion has emerged as a modified recommendation
system that is integrated with information-retrieval techniques within large databases to provide
tourists with a list of suggestions based on contexts, such as location, time of day, or day of the week
(weekdays or weekends). This study surveyed literature in the field of contextual suggestion and
recommendation systems with a focus on e-tourism. The concerns linked with approaches used
in contextual suggestion and recommendation systems are highlighted in this systematic review,
while motivations, recommendations, and practical implications in e-tourism are also discussed in
this paper. A query search using the keywords “contextual suggestion system”, “recommendation
system”, and “tourism” identified 143 relevant articles published from 2012 to 2020. Four major
repositories are considered for searching, namely, (i) Science Direct, (ii) Scopus, (iii) IEEE, and
(iv) Web of Science. This review was carried out under the protocols of four phases, namely, (i) query
searching in major article repositories, (ii) removal of duplicates, (iii) scan of title and abstract, and
(iv) complete reading of articles. To identify the gaps in current research, a taxonomy analysis was
exemplified into categories and subcategories. The main categories were highlighted as (i) review
articles, (ii) model/framework, and (iii) applications. Critical analysis was carried out on the
basis of the available literature on the limitations of approaches used in contextual suggestion and
recommendation systems. In conclusion, the approaches used are mainly based on content-based
filtering, collaborative filtering, preference-based product ranking, and language modelling. The
evaluation measures for the contextual suggestion system include precision, normalized discounted
cumulative, and mean reciprocal rank, while test collections comprise Internet resources. Given that
the tourism industry contributed to the environmental and social-economic development, contextual
suggestion and recommendation systems have presented themselves to be relevant in integrating
and achieving SDG 9 and SDG 11 in many ways such as web-based e-services by the government
sector and smart gadgets based on reliable and real-time data and information for city planners as
well as law enforcement personnel in a sustainable city.

Keywords: sustainable e-tourism; contextual suggestion system; recommendation system; personali-
sation; SDGs
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1. Introduction

Beginning in the 1980s, tourism in recent times has been evolving with technology,
bringing major restructuring to both the industry and our view on tourism. Gradually,
information and communication technologies (ICT) play an increasingly critical role in
offering competitiveness to the tourism industry, and thus evolve the behaviour of tourists
and the tourism industry, in which it is called e-tourism [1]. Facebook, Twitter, YouTube,
and other social media platforms are used widely in e-tourism, and it is supported by
tourists’ use of social media platforms with its exponential growth. Google survey (2012)
has also reported that approximately 40% of tourists are influenced through the social
network in the trip-planning phase, while 50% of tourists plan their trip based on public
reviews and experiences about the specific destination and the ITB World Travel Trends
(2012–2013). In short, e-tourism is the digitalisation of all processes and value chains in the
tourism, travel, hospitality, and catering industries that enable organisations to maximise
their efficiency and effectiveness [2].

Gretzel et al. [3] proposed six additional pillars to transform e-tourism via critically
evaluating those pillars. The pillars are ontological and epistemological basics in history,
reflexivity, equity, transparency, plurality, and creativity. Moreover, e-tourism spots ought
to be a creative, interactive, and improve the travel experience for all guests. Similarly,
the system should improve the quality of life and personal satisfaction of the residents [4].
However, various challenges emerge in the development of e-tourism, including the per-
sonalised content suggested to a tourist [5,6]. If the repositories of datasets are appropriate
for dataset extraction and have implicit or explicit feedback, then system accuracy increases
and concerns related to privacy decrease. Simultaneously, established ICT infrastructures
can likewise have an essential role in developing e-tourism applications, such as cloud
computing, Wi-Fi, RFID, smartphones, and sensors [7]. At present, a few e-tourism services
are available, such as a recommendation system that proposes the prime pertinent vacation
spot or POI relevant to personal preferences [8] to predict and assume the behaviour of
tourists. Location-based tracking systems were introduced to accomplish area-based mar-
keting [9], as well as sensor-based applications such as social sensors (e.g., social media),
physical sensors (e.g., CCTV cameras), and weather sensors to aid a tourist with limited
time to explore a city [10].

ICT is further evolving with the Internet of Things. Similarly, cities with sound
technologies facilitate the modification of search engines in terms of capacity and speed
because of the need to extract data from millions of documents. While technologies are
continuously evolving, it may benefit e-tourism if the system can automatically help
planning a tour or recommend a list of places based on a tourist’s personal preferences.
This system can facilitate millions of tourists worldwide to utilize the technology based
on tour planning and automatic suggestions of places they can visit to enhance their
travel experience.

Hence, a system to provide services to the tourist at the right time is necessary and
can be achieved by understanding the tourist behaviour and their personal preferences
to improve the travel experience. These scenarios have led to the evolution of traditional
e-tourism, which has further evolved into sustainable e-tourism [5].

Contextual suggestions and recommendation systems are defined as those with the
ability to respond and present suggestions with appropriate information based on tourist’s
needs. The approaches in these systems fall in the area of information retrieval (IR) and
artificial intelligence (AI). Based on these concepts, these systems can facilitate the tourists
via providing a list of venues based on their context and personal preferences [11]. Tourists
depend heavily on their cell phones when searching for events to participate in and finding
fascinating nearby places or activities [12]. Figure 1 shows the categories of repositories in
contextual suggestion and recommendation systems for a sustainable e-tourism.
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Figure 1. Categories of repositories in contextual suggestion and recommendation systems for sustainable e-tourism.

The repositories include the contexts, social and physical sensors, tourist’s profile, and
green contextual suggestion list. With improved systems, sustainable e-tourism utilizes the
technology to maximize efficiency and effectiveness while applying sustainable principles
in tourism. The sustainability principles refer to the environmental, economic, and socio-
cultural aspects of tourism development and a suitable balance must be established between
these three dimensions to guarantee its long-term sustainability [13–15]. Four clusters
serve as the criteria to achieve a sustainable e-tourism, namely, they are communities’ well-
being, natural and cultural environment, tourism product quality and tourists’ satisfaction,
and management and monitoring. Through the mediation of ICT, contextual suggestion
and recommendation systems will significantly contribute to SDG 11 for the smarter
and greener cities from which not only residents, but also tourists can benefit [16]. This
will also facilitate further sustainable industrialization, necessary for economic growth,
development, and innovation. Therefore, innovation and green infrastructure development
in the e-tourism industry will significantly contribute towards SDG 9 for sustainable e-
tourism [6] that can provide tourists with smart experiences enriched by real-time data
that smart cities offer, with context awareness and personalization.

In contextual suggestion and recommendation systems, the improvement on the
recommendations can be made by utilizing various resources of data available in the
repositories of smart cities to provide relevant suggestions. Contexts such as popularity (lo-
cation rating, sentiment scores, wish list, number of likes), environment (seasons, weather,
temperature, humidity), distance (shortest path, nearby places, geography), time (weekday,
weekend), and atmosphere risks (health, environment, pandemic) are mostly considered in
a suggestion system. This would strive for the improvement in communities’ well-being
in achieving sustainable e-tourism. As the government starts to involve local control and
participation in decision-making, the community gets a sense of belonging about the place
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in which they are living. It would also help in preserving and strengthening the protection
of their cultural and natural touristic spots for sustainable e-tourism. Besides, with the
e-tourism industry sustaining for a long term owing to tourist’s satisfaction, improvement
in living conditions such as better facilities, Internet hot spot, and public transportations
could be seen. Smart living is also promoted via a sustainable e-tourism through the use of
electronic tools.

In addition, data representation combined with green contexts such as green hotels,
green products, and cultural and natural heritage might be an ideal fit to create a list of
suggestions within the context of sustainable e-tourism in comparison with other conven-
tional recommender systems. Suggestions that include consideration about green contexts
and how to reduce trash during travel provide value-added services to improve both
tourists’ and the community’s quality of life. In a sustainable e-tourism, tourism product
quality and tourists’ satisfaction are viral for long-term economic viability. The contextual
suggestions systems are not adapted to the tourism supply chain, but also solve the major
problem of information search and decision-making process faced by tourists. Thus, the
quality of services and experiences in a sustainable e-tourism is tremendously improved.

Currently, in tourism, venue recommendations [17–19] heavily rely on data captured
from location-based social networks (LBSNs) [20]. Through the social and physical sensors
such as global position system (GPS) coordinates, social networking sites (SNSchares), and
dialogues and messages posted and shared about travelling, these sensors can significantly
improve the quality of recommendations. The latter provides essential data and the former
can provide additional information for a query in a particular context [21]. When the quality
of recommendations is upgraded, the natural and cultural environment in a sustainable
e-tourism could be achieved. Zero mistakes on revisiting the same place or visiting the
wrong place support pollution reduction. Moreover, dissemination, education, awareness,
and communication about the heritages could also enhance environmental awareness.

In contextual suggestion and recommendation systems, the profile of tourists can be
made by collecting data from the travel history of the tourist; past checked-in places [22];
personal preferences such as likes and dislikes for a place; and contextual aspects such
as current location, time of day, and any day of the week, as well as utilizing various
resources of data available in the repositories of smart cities to provide relevant suggestions.
Sustainable e-tourism also incorporates the advancement in technology [23], e.g., the travel
bloggers develop trust through interaction with followers and readers via social media,
provide recommendations based on their personal experiences about a place, and request
tour recommendations for places and personal experiences from public international
IPK (2012). Besides, the recommendations can be further improved through traveller-
generated content (UGC) from travelogues and online travel reviews [24]. Moreover,
location-based social networks such as TripAdvisor, Yelp, and Foursquare have emerged
to fill the need for sustainable e-tourism. These applications may also assist a tourist in
finding accommodations, restaurants, and points of interest (POI) based on activities, and
cultural heritage by considering ratings, reviews, and tourists’ interest to generate a list of
suggestions [25].

Another criterion for achieving sustainable e-tourism is the management and mon-
itoring of touristic places. Proper management of the city and monitoring of the tourist
destinations would guarantee safety and privacy to ensure tourist satisfaction and travel
without disturbances. The recommendation system also considers carrying capacity as
a context to allow tourists to avoid over-crowded places and places with environmental
risks and pandemics. Hence, e-tourism contributes to reducing the negative effects in the
tourism industry. Therefore, the tourist observes good experiences using electronic tools
that lead to sustainable e-tourism.

IT and e-tourism are still the hot topics over the past 30 years; and have developed
technically, economically, and societally along with the development of the web, machine
learning, and artificial intelligence [26]. However, recently, sustainability in tourism has
also gained much attention. The author of [27] has also revealed a lack of theoretical
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advancement in conceptualizing travel information search to accommodate current tech-
nology advances owing to the complexity of the e-tourism information landscape. Here,
data suffer from sparsity and the need to access tourists’ personal information to recom-
mend a venue, which raises privacy concerns. The digital infrastructure provided by
smart cities can facilitate overcoming data sparsity and privacy issues [21]. Therefore, the
next generation of recommendation systems in sustainable e-tourism is highly required,
and it must be effective not only in providing recommendations based on social sensors,
but also in utilizing other contextual information. Additional information can be gath-
ered through physical sensors to provide precise recommendations to tourists to enhance
tourism services [28]. In this regard, this systematic review aimed to survey literature and
previous work on contextual suggestion and recommendation systems in e-tourism to
identify, evaluate, and summarize the findings of all relevant studies. Thus, the available
evidence becomes more accessible to deliver the meticulous summary of all the research
on contextual suggestion system, a recommendation system for sustainable e-tourism.

2. Background of Contextual Suggestion System

Several studies focus on a suggestion system based on contextual factors and personal
interests. An application creates a list of suggestions for venues within a city using explicit
feedback query related to tourist’s interests and responses [29]. A different collaborative
filtering approach incorporated contextual factors such as location, weather, time of day,
and any days of the week (weekdays or weekends) [30]. Tourists’ budget and familiarity
within a city are also used as contextual information [31]. The contextual suggestion system
falls somewhere between traditional information retrieval and traditional recommendation.
Unlike traditional information retrieval, the query is fixed, with the search results vary
only to reflect the traveller’s profile and the geo-temporal context. Unlike traditional
recommendation, the range of suggestions is completely open, with the quality of the
description forming an important aspect of the tourist experience. Ideally, the description
from the contextual suggestion system would be tailored to reflect the preferences of
the individual traveller. Regardless of these studies, finding gaps between the existing
approaches for contextual suggestion and recommendation systems considering contextual
factors are always challenging. Moreover, these researchers considered their evaluations
and methods owing to the lack of standard test collection and evaluation protocols available
for testing approaches and the robustness of experiments.

Therefore, to standardize the work based on the contextual suggestion system, the
text retrieval conference (TREC) provides a test collection to run experiments and standard
evaluation protocols for comparison [32]. In TREC, participants perform a given task,
basically to consider the description of venues and contexts, anticipate suggestions for each
blend of profile and context, and then create a list of places a tourist might wish to visit [33].
Most of the participants gathered the dataset from public websites and other resources
that were later declared as standard test collection. The purpose of the TREC contextual
suggestion track was to ease the process for future research by providing standard datasets
for testing the approaches and standard evaluation measures for comparison. Various
approaches were used based on positive ratings integrated with the textual similarity
between the venue and the tourists’ profiles [34]. Other approaches were based on reviews,
ratings, categories of venues, and contextual factors [34,35].

3. Systematic Review Protocol

Systematic reviews are planned to choose and assess the findings on a particular field
of interest, and in this context, several pre-defined phases were followed. Therefore, we
have completed this systematic review following the previously established method [36].
The systematic review started with a deep query searching of online articles to compile all
papers related to the field. The principal keywords utilized to represent the main areas for
this review are “contextual suggestion system” and “recommendation system”. The query
is restricted to articles written in English.
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3.1. Information Resources

In this review, source articles are derived from four major digital databases, namely,
Science Direct, Web of Science (WoS), Scopus, and the Institute of Electrical and Electronics
Engineers (IEEE). The rationale for selecting these source databases is that it provides
access to science, social sciences, humanities, engineering, and technology in terms of the
technical, theoretical, and disciplinary efforts by researchers around the world. Thus, these
databases are reliable for this field of knowledge. The selection process consisted of the
literature review followed by screening and filtering. The first phase is to scan the titles
and abstracts to exclude duplicate resources and unrelated research. The second phase is to
complete the reading of these articles. The rest of the phases in this review are summarized
below under review protocol and taxonomy analysis. All insights are summarized under
systematic review discussions.

3.2. Inclusion Criteria

The following criteria are utilized to choose the possibly relevant articles for screening
purposes. The reason for inclusion criteria is to find more relevant papers connected to the
contextual suggestion system.

i. Contextual suggestion system is a specific stream for research in e-tourism [11,29–50];
therefore, articles published from 2012 to May 2020 are used in this review.

ii. Articles based on contextual suggestion and recommendation systems with a focus
on e-tourism are included.

iii. Articles that are related to e-tourism application domains are considered.
iv. Reviews and original articles that propose contextual suggestion and recommenda-

tion system “approaches” or “techniques” are screened for this review.

3.3. Exclusion Criteria

The following criteria are utilized to exclude the articles/papers from this review
owing to unverified sources.

i. Unpublished works, doctoral thesis, blogs, articles on electronic media, and non-
English studies are excluded from this review.

ii. Papers with a focus on recommendation systems based on subscription-based
services recommendations, health, news, education, social relation, job/vacancy,
and paid services based recommendations are excluded from this review.

iii. Papers published before 2012 are also excluded because the papers are too old as
the trend of technology evolves rapidly.

A multi-level evaluation method was applied based on review protocols to choose
the articles for this review. First, a query search on four online databases, namely, Science
Direct, Web of Science, IEEE, and Scopus, revealed 1006 records after limiting the search
engine to meet the inclusion criteria. Figure 2 shows the systematic review used for further
screening. Keywords, titles, and abstracts were examined in the initial step to minimize the
irrelevancy of articles, resulting in the exclusion of 738 records in this step. Subsequently,
only 5 duplicates were found from the remaining 268 records. Next, after full-text reading,
143 articles were deemed to meet the inclusion criteria. In the end, only articles that focus
on the contextual suggestion and recommendations systems in e-tourism were considered
for this review.
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4. Taxonomy Analysis

The 1006 articles obtained from the four databases through separate query search were
classified as follows: 711 from Science Direct, 25 from IEEE Explore, 10 from Web of Science
(WoS), and 313 from Scopus. Figure 3 shows the bar chart based on the number of articles
in different categories in the digital databases. These articles were categorized according
to the field of study. Figure 4 shows the number of articles based on sub-categories of the
model/framework. Figure 5 shows the yearly development and increasing trend for this
field of research from 2012 to 2020. After skimming the titles and abstracts, 268 articles
and 5 records were removed owing to duplication. Full-text reading omitted 120 articles,
leaving 143 articles as the ultimate set. The 120 articles are eliminated based on the exclusion
criteria if the recommendation system is concerned with e-commerce and subscription-
based services as these criteria are out of the scope of this paper. These selected 143 articles
were read carefully to discover a general gap leading to the recommendation and contextual
suggestion systems in e-tourism. These outlines captured the common classifications of
research articles and then refined the literature classification. Figure 6 shows that several
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subclasses could be distinguished in the main layers. The following sections list the
determined classifications, constructing simple indicators throughout the discussion.

As shown in Figure 6, the results show a pattern of article categories according to the
taxonomic literature. The main focus of this review was the contextual suggestion and rec-
ommendation systems. The categories of articles were decomposed into several categories
from the three main classes, namely, review articles [40,43–49], model/framework, and
application. Under the second category of model/framework, it is sub-categorised into
time-based [50–53], activity-based [17,54–66], location-based [1,11,12,17,20,30,42,48,67–88],
social-based [9,89–106], and multi-dimension [107–133], while under the third category
of application, it is also sub-categorised into travelling and POI [1,4,8,49,50,73,134–155],
shopping and e-commerce [156,157], and finally events and activities [22,158–167].
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4.1. Review Articles

Review articles summarized the current understanding or formulation of previously
published studies related to the subject of this review. Through review articles, new
findings, progress, research gaps, the people involved, debates on certain issues, and new
ideas that can be highlighted for future research are identified. Several researchers have
concentrated on the security and privacy related to the smart city. The authors of [51]
also highlighted trust and safety issues, [52] raised issues related to the factors that are
considered as context. The author of [48] focuses on capturing the activities of the user
and reflects them on recommendation systems. The authors of [53] suggested sensors to
capture such data. The authors of [54] highlighted the importance of recommendation
system in e-learning, social network, smartphone, radio networks recommender system,
smart tourism [55], TV [56], and context-aware vehicle networks [57].

4.2. Model/Framework

Model/framework is one of the methods of effective research that consists of real or
abstract forms such as mathematical models. The combinations of mathematical models
are called approaches in previous studies. The model/framework in the present review is
further divided into five categories. Time-based frameworks [58–61] were incorporated
with temporal information. Activity-based [12,62–66,168–175] and location-based ones
utilized the tourists’ geographic position via GPS to facilitate the tourists’ travel in an
unfamiliar area. Social-based considered social-based constructs and effectiveness, and
multi-dimension is a combination of all the approaches.
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4.2.1. Time-Based

Recommendations systems have merged multiple times with various granularities
to improve decision mechanism and make accurate recommendations. In comparison
with traditional recommendation system, time is easy to capture owing to the recent
development of smartphones, such as time of day (morning, night or evening), day of the
week (workday, day off or weekend), the season (summer, winter, spring), or even semester
(first or second semi-year) in an academic setting. It is not difficult to describe a contextual
model that includes time information. Timestamp data are consistent and frequent at the
same time [58–60]. Besides, the authors of [61] developed a time-based recommendation
system based on events and activities with the context were the day and week, such as
concert, music, and movie recommendation systems.

4.2.2. Activity-Based

Several papers have been published to identify various kinds of human activities, i.e.,
low-level activities, for instance, eating, reading, music, and movies [62–65], and high-
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level activities, or indoor activities (home or work tasks) [66], social activities [168], and
outdoor and travelling activities [61,169–174]. The author of [175] has proposed methods
for a recommendation that automatically identify everyday user activities by choosing the
objects to be recommended in conjunction with the essence of user routine activities.

4.2.3. Location-Based

Location-based applications use a range of means to estimate the location of the user,
such as global positioning system (GPS), which is the most well-known technology offering
global coverage with precision, based on location; The authors of [12,67–69] proposed an
adaptive personalization system for location-aware recommendations. The author of [70] has
proposed an approach to find distant neighbours using location. However, users should not
expect to obtain locations from related users or sites [71–76]. In reality, other users are also
searching for POIs that are near enough to their current location [77,78]. Only those users that
are located close to GPS trajectories form their travel experiences pattern [11,17,20,79–81]. The
authors of [82] utilized the POIs’ popularity to optimize the probability estimate of the relative
distance between the recipient and the POI, taken from semantic tags. In another aspect,
POIs [48,83–85] have varying influence such as context and distances, e.g., users generally
choose local stores, although many of them do not have any preference to see an attraction
location [1,42,86]. Therefore, POI recommendation systems [30,87,88] must separate POIs
from their categories when choosing the threshold of distance (тKilometers) to decide whether
or not a POI constitutes a successful recommendation.

4.2.4. Social-Based

The social knowledge of the user, including individual preferences; overt (friends)
and implied (similarity with users) social connections; tags; and social descriptions, e.g.,
clicks, likes, dislikes, and so on, is derived from websites, wikis, social bookmarking, file
sharing, online forums, social networks for enterprises, and tagging applications. With
the inclusion of data from social networks, recommendation systems also included a vast
amount of personal knowledge from users [89–92]. To protect information, privacy and
confidence concerns are thus crucial issues [9,93–95]. Several experiments have studied
social network users’ activities to extract trustable individuals and benefit from their con-
fident recommendations. Social ties-based strategies have been used for the first group
of techniques to consider those actual friends are trustworthy than desired as a source of
recommendations [96]. The author of [97] focuses heavily on the premise that individuals
prefer others who identify with them to suggest similarity in taste. The definition of ‘family
strangers’ has been proposed by the third group of research studies to describe a new
degree of confidence between individuals based on different variables such as similarity of
interest, geographical neighbourhood, and time meeting. The authors of [98] focused on the
leader methods, and mined the social networks of all users to produce the most influential
person who can craft their views on recommendations. To meet the needs of all users,
several studies have recognized specific categories of users that need logical reasoning.
The authors of [99] have suggested three types of “special users”, including (i) cold-start
users who have recently joined the system and have a minimum activity record, (ii) grey
sheep users who have unusual behaviour not similar to other users, and (iii) users who do
not have any attitude in the current scenario. The first two groups of users i.e., “cold-start”
and “grey sheep”, were defined on similarity-based usual context-aware behaviour. How-
ever, the third type of users has specified the similarity of users’ role set, which describes
the similarity of shared context-aware interest between groups of users. Social-based
recommendation can also be utilized in the context of smart cities; several studies have
been carried out in the field of recommendation systems and their integration with other
domains such as Smart Cities, [100] as well as in their implementations. The recommended
approaches utilized the available information to offer a recommendation [101]. The author
of [102] has developed a graphic recommendation system with comprehensive data on
book contents, users’ history, and demographic information. The authors of [103] utilized
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the user’s personal and social information and integrated this information to increase the
consistency of the relevant items recommendation. The authors of [104] have developed a
technique based on probabilistic reasoning for personalizing a recommendation system.
The recommendation system can also develop a schedule to visit fascinating places and
events on the trip based on the profile and interest provided by the tourists. In Smart Cities
and tourism, several forms of RS can be used, and numerous systems have been built with
a range of interfaces, recommender, and functionalities [105]. The author of [106] has de-
veloped a recommendation system for personalized city transportation. Personalized route
recommendations were provided using knowledge-based recommendation technologies,
and suggestions were determined for each individual according to their choice for travel.

4.2.5. Multi-Dimension

In certain scenarios, a contextual information recommendation system combines
various kinds of information to model a context [107–113] because of the correlation be-
tween contextual variables, e.g., the weather situations or the atmosphere surrounding
the user may influence his/her mood [114]. The viewer will then look for different types
of films than such user commonly watches [115–117] or listen to music according to the
mood [118–120] or photos in which a user may be interested [121,122]. However, a com-
plicated recommendation algorithm will conclude with the creation of a recommendation
method that considers multiple contextual details [123–130]. Consequently, before using
multi-dimensional information to personalize recommendations, it is important to research
the importance of contextual elements in specific domains, for instance, a user is looking to
think like a potential group [131,132]. The authors of [133] utilized an artificial neural net-
work system to forecast the scores with which this approach brings together content (user
and business) and metadata (review and rating) that deliver better prediction outcomes. A
substantial increase in the overall efficacy of the recommendation system was reported in
this study.

4.3. Application

In this taxonomy, the application domain category was defined as the initial prototype
of the existing approaches in different application domains. This category was further
divided into travelling and POI, shopping/e-commerce, and events/activities. Given the
focus on travelling, travel and POI-based studies were especially examined in the develop-
ment context of these systems. Cities are still changing, dynamic cyber-physical structures
covering several areas. The model of smart city started by cities adopting communications
technologies to supply services to their residents. The original idea of a smart city became
smarter and more effective with the usage of information technology. In the beginning,
resources were restricted to tangible fields, particularly energy and mobility systems. How-
ever, recent development not only dramatically improved what can be achieved for IT, but
the capabilities and the area smart city covered have broadened significantly.

4.3.1. Traveling and POI

The authors of [134] proposed that contextual awareness in the tourism industry seeks
to make smartphone applications more aware of travellers and allows travellers to do
several visiting activities. One of the drawbacks of this approach is that travellers cannot
obtain a decent SA for a tourist destination. This research has shown that multiple contextu-
ally aware mobile applications only help particular travelling activities and travellers will
often move between different mobile applications to obtain optimum situation awareness.
Thus, the interface design of mobile application does not support the cognitive functions of
travellers, particularly in their perception, understanding, and prediction. Therefore, situa-
tion awareness enhances mobile interfaces and helps travellers to make a smarter decision
based on different scenarios in the tourist destination. The authors of [135] proposed an
approach that offers a generic model for users to navigate the patrimony tourism system
by modelling their preference, profiles, and contexts to tailor services in line with their
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preferences. This method saves users’ history for continuously optimizing the recommen-
dation services, and uses a collaborative filtering recommender system to calculate the most
appropriate services based on their interest. An example of a scenario for saving time, costs,
finding the relevant places, avoiding bad service, and so on illustrated the potential of the
proposed framework to offer better service for tourists [136]. Researchers also suggested
developing a prototype of the proposed framework and recommended improvement in an
approach by using other intelligent approaches for future studies in e-tourism [8], such as
micro-service architecture-based recommender services [4] and knowledge graph-based
recommender services [137] based on data mining [138–140]. The authors of [141] pro-
posed a route planning recommendation system that generates persuasive messages to
highlight environmentally friendly options for users in the smart city. The authors of [50]
suggested a context-aware web services recommendation for modelling impact on the
user’s expectations on user location updates and location similarity mining based on the
user location in the smart city context. The authors of [142–146] proposed a context-aware
recommendation system using smartphone sensors integrated with smart city applications
and e-tourism, another recommendation system based on tourist context [147,148]. The
authors of [49,73,149,150] proposed a system of travel recommendations that mines ap-
propriate locations, context, user preferences [151–153] users’ reviews [154], sentiments
analysis [1], and users’ physical and psychological functionality levels [155].

4.3.2. Shopping and e-Commerce

The authors of [156] proposed a general service recommendation system following
telecommunication service distribution features of Ubiquitous Consumer Wireless World
that match their complex, contextual, and customized preferences. This system can em-
power individual consumers to make decisions, and thus have a positive effect on the
whole society, promoting and encouraging direct interactions between consumers and
service providers. Such forms of direct relationships are very desirable for “Smart City
Services” in that their directness makes it easier to adapt more dynamically and grow
user-driven services. The authors of [157] proposed a context-aware recommendation
system to predict reviews and ratings’ helpfulness for products having online reviews as
reviews provide social proof of quality when shopping online.

4.3.3. Events and Activities

The authors of [158] suggested an approach to contextualize query internet-scale
IoT data and illustrate a method for smart cities using recommendation applications
of smart parking space. The authors of [159] suggested a smartphone application for
event recommendation such as restaurants [160], cultural heritage [161,162], museums
tours [22] monuments [163] route recommendations [164], concerts and events [165], and
seminars [166] with the context-aware and tag-based recommendations. This initializes
users’ accounts with minimal user intervention and the features of the items provide
recommendations using a tag-based context-aware recommender algorithm. The authors
of [167] presented a menu generation system to suggest menus according to user expecta-
tions that use the recipe dataset and annotations. Their method is appropriate to provide
consumers with customized and healthy menus compared with the recent research on the
food recommendation system.

5. Critical Review

The limitations of approaches used in contextual suggestion and recommendation
systems are explored through this systematic review. Numerous studies focus on the field
of recommendation systems, but not on the contextual suggestions. In terms of approaches,
most of the studies based on recommendation system use explicit feedback and crawl data
from internet resources to test the approaches and contextual suggestions system based
on both explicit and implicit feedbacks incorporated with contextual factors. Moreover,
in the contextual suggestion system, studies used the test collections provided by TREC
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Contextual Suggestion Track. In addition, a crawler is at times used to extract information
from Internet sources for further enhancements.

Out of 143 articles, only 30 focus on location-based recommendation and contextual
suggestion systems. Most of the studies used the content-based filtering approach, but are
considered unfit given their lack of venue ratings, whether negative or positive, which is
one of the limitations [37]. Rating-based collaborative filtering based on the factorization
machine is also used to process the tourist’s feedback and contextual information to
improve the accuracy of suggestions. However, data display a sparsity problem where the
suggestion lacks accuracy [79,85,176].

Several studies used preference-based product ranking technique and weighted and
unweighted combination of tourist’s attributes, such as prices and reviews of venues.
These attributes signified how likely the tourist’s behaviour is influenced and how likely a
tourist is to visit the particular suggested venue. However, this technique has inadequate
feedback, and there are no such parameters to evaluate the tourist’s behaviour. Therefore,
such approaches lack data and they could not be useful for venue recommendations and
contextual suggestion systems [38,39]. Other studies used review-based approaches, but
also suffer from a lack of reviews available for several venues [37–41,177–179].

5.1. Recommendations

From the literature review, recommended works in various research fields are summa-
rized to improve approaches used in contextual suggestion and recommendation systems,
which can be undertaken by future system developers, scholars, industries, e-governments,
health providers, web services, and restaurants in achieving sustainable e-tourism.

5.1.1. Recommendations for System Developers

As the complex subjectivity of the term “context” increases, this should be carefully
analyzed in the application to provide consistent suggestions. In most of the reviewed
studies, contextual factors are chosen based on past studies lacking validation of such
contexts in similar application domains [25,39,42,84,133,152,177–180]. Hence, before de-
veloping contextual-based suggestion and recommendation systems, exploring relevant
contexts in each application domain would be ideal [19]. After compiling the context,
its relevancy and tourists’ preferences are required to assess the likelihood of the sugges-
tion influencing the tourist [40,44,89,141,177,181]. The correlation between context and
tourist preferences can be analyzed using techniques such as similarity measures and
multi-regression [48,77,182,183]. Moreover, data in the mobile environment are typically
multifarious, suffer from generalization, and can add on further complexity. More studies
are needed in context-aware suggestions and recommendation systems based on the mobile
environment that can be a significant contribution.

Data distribution varies over time, including product features and tourists’ personal
preferences. Therefore, using obsolete data to predict tourist’s present-day preferences can
affect the performance of the recommendation system [54]. Thus, real-time data sharing,
location-based filters, and context-aware recommendations are considered necessities in
e-shopping and sustainable e-tourism. For instance, a tourist visiting a shopping mall
would prefer real-time feeds based on location with precise recommendations of products
and stores available in his/her current context. Besides, acknowledging the tourists’
carrying capacity for a touristic place would improve the tourists’ satisfaction, quality of
services, and experience in the management and monitoring of a sustainable e-tourism.
Furthermore, the development of electronic tools for tourism and designing strategies
for economic growth is one of the smart city dimensions. Developing such applications
needs a thorough examination of real-time data, current location, and contextual factors.
Thus, modelling tourists’ preference with real-time data and the location-based context in
recommendation systems can be an exciting research topic.



Sustainability 2021, 13, 8141 15 of 27

5.1.2. Recommendations for Scholars

Previous studies [30,83,86,87,110,184] thoroughly investigate approaches to overcome
the data sparsity problem. However, the issue is yet to be well applied in numerous
fields such as the contextual suggestion system. Therefore, cognitive computing-based
adaptive-learning techniques for linking related information from one application domain
to another to fill the information gap offer a good chance to solve the data sparsity problem.
Thus, adaptive-learning based recommendation systems are a noteworthy direction [54].

Owing to the lack of datasets available in all respective domains, applications based on
mobile recommendation system in other application domains such as social relations, events
and activities, and businesses are unbalanced. Only 23% of studies in the travel recommenda-
tion domain use datasets extracted from publicly available repositories, such as the Geolife
GPS trajectory dataset and LBSN [11,17,18,38,42,43,45,48,62,71,72,79,81,83,85–87,179,185–189].
Hence, ensuring that datasets are publicly available in other fields of the domain is needed
for the research community to carry out experiments, evaluation, and comparison for
best working approaches [48]. Moreover, communication of sustainability towards the
tourist through public data would help in educating and enhancing their environmental
awareness to achieve and improve sustainable e-tourism. In addition, collaborations be-
tween knowledge centers, social networks, and telecommunication providers in adding
the context in the recommendation system contribute to the development of a smart people
and smart city.

5.1.3. Recommendations for Industries

In recent years, an increasing volume of research on recommendation services has been
deployed in various industries and applications. In several fields, contextual information is
adopted in recommendation services by an enormous number of organizations. Therefore,
a more enhanced software development service based on the reusability of industrial
datasets for recommendations and contextual suggestion systems is necessary [190]. For
instance, in movie recommendations [56,64,67,177], the production, tourists with different
tastes or genres, and the services to watch online are increasing at enormous speed. Thus,
the proposal for movie recommendations based on tourist models incorporates reviews of
movie experts and movie synopsis to analyze the relevancy of the recommended movies
to an appropriate tourist [177]. Moreover, a music recommendation system [69,175] can
work with the same concept by classifying a list of songs into mood, activity, and health
to recommend a list of songs to a tourist. With the same concept, music recommendation
services are introduced by the last.fm, which utilizes tourists’ location and taste to recom-
mend songs according to tourist personal preferences. By improving the recommendation
rate and accuracy that satisfies the tourist, it would lead to an improvement in tourism
product quality and economic viability in a sustainable e-tourism and smart economy.

Computing technologies have been on continuous change from desktop to laptop
platforms, to mobile, and most recently into wearable technology. Given the feature of being
vital in daily lives, ABI research (2015) forecasts that the use of wearable devices (i.e., smart
TVs, smart shoes, smart glasses, and smartwatches) would increase at enormous rates with
the ability to connect and manage via smartphones wirelessly. Wearable computing offers
various characteristics [78] to fulfil the concept of smart gadgets. For instance, different
sensors can be utilized and integrated into clothing and or even the human body [191]
to analyze behaviour, and at the same time, output can be presented on smartphones.
Similarly, these sensors are easy to work with and operate, fulfilling versatile individual
needs [107]. For instance, in travel itinerary recommendations [192], smart glasses can be
used to provide the vision of the surrounding areas, integrated with augmented reality
that provides details and recommends services related to the itinerary as well as activities
and places to visit based on the tourist’s personal preferences [48].

In the mobile environment, wearable devices suffer from privacy problems owing to
access and control through smartphones, where untrusted apps can unnoticeably capture
pictures and videos without the tourist’s permission [95]. Hence, a balance mechanism is
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necessary for security and privacy issues to manage, secure, and set permissions that allow
access to personal data and control the information sharing to any third party or untrusted
app [5,52]. Nevertheless, the precision of recommendations can be compromised with the
tourist’s interference [11,175]. Thus, the effects of the tourist’s permission and control on
recommendations require thorough study [193].

5.1.4. Recommendations for e-Government

The current e-government (e-Gov) environment aims to provide vital information and
services to citizens online. Given that the tourism industry is considered as the foremost
profitable, the e-Gov significantly develops applications to improve services related to
e-tourism with the participation and control from the local community in decision-making,
and providing natural and cultural information about the touristic spots would be a way
to achieve sustainable tourism and a guarantee of income and revenue generation for the
well-being of the community as well as the country. With the encouragement of citizen
participation in protecting the place to which they belong, both sustainable e-tourism and
smart governance can be achieved. Nevertheless, existing e-Gov services are generally
restricted to visualization and information on tourist spots, where AI-based recommender
services that can provide precise information in e-Gov are greatly required [194]. Tourists
particularly prefer e-Gov services as a trusted trademark. Therefore, developers should
construct applications and services based on personalization techniques and services
related to the security of tourist and residents. Thus, recommendation services can play a
huge role in e-Gov applications to deliver personalised services in e-tourism. Considering
these factors in future research on e-Gov services recommendation systems presents a
particular interest [54].

5.1.5. Recommendations for Health Providers

Data limit the recommendation and contextual suggestion systems in providing ap-
propriate information to a tourist. The data are restricted by the methods of information
extracted from the sources, which are limited to sensors that feed and store data, and thus
lack numerous dimensions. In a big data environment, various information dimensions
can be acquired to assess tourist modelling based on personal preferences and provide
comprehensive and precise recommendations. The approaches of [49,68,195] are examined
to develop recommendation systems using big data. However, numerous directions re-
main to be explored in this regard. For instance, sensors in ubiquitous computing devices
can extract more data from tourists, which can be utilized by health and medical appli-
cation domains. Therefore, a health recommender system can emerge with appropriate
information on health and precise personal preferences-based recommendations. Tourists’
satisfaction with medical tourism, employment, local economy, and long-term economic
viability would improve the living conditions of the local community and achieve a sus-
tainable e-tourism in the country. Besides, a contextual suggestion system that can provide
emergency response facilities for tourists who like hiking and jungle tracking, for instance,
would also contribute to smart living and give the tourist a sense of security when they are
travelling in a foreign country.

5.1.6. Recommendations for Web Services

Context-aware web services provide recommendations based on the highest scores
rated for an item and contextual tourist information, combined in the recommendation
process to increase accuracy [196]. Despite recent development in context-aware web
services recommendation, the works of [49,75,197] separately adopt contextual, spatial, and
temporal constructs. However, the correlations between temporal and spatial constructs
are not fully addressed [50]. Moreover, introducing other contextual factors such as social
effects to increase the accuracy of recommendations is a significant direction. The social
effects of a sustainable e-tourism include recommending the sustainable use of natural and
cultural resources during travel, supporting pollution reduction, and selecting green hotels
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and products to strengthen the tourism product quality and tourists’ satisfaction. Another
context-awareness in a smart environment that could be considered is suggestions on
activities that provide tourists’ involvement in environmental protection such as recycling
and reducing waste while travelling.

5.1.7. Recommendations for Restaurants

Contextual factors such as location, dining time, check-in time, and the operating
hours of restaurants can be incorporated with the tourist’s personal preferences in recom-
mending systems to improve accuracy. Similar preferences can be extracted from tourists’
friends and family and other social media. All this information can then be combined to
recommend a restaurant to tourists and their group of friends [198,199]. Moreover, the ap-
plication for recommending restaurants can be connected with not only social media (e.g.,
Facebook, Twitter), but also with LBSNs (e.g., Yelp, Trip advisor) to observe any changes
regarding restaurant location, ratings, and reviews to provide tourist recommendations
with updated information. Food is one of the most potential cultural exchanges as a driving
force for peace when it comes to promoting one country’s culture. Therefore, accurate
recommendations about the restaurants would yield tourists’ satisfaction and later achieve
sustainable e-tourism.

5.2. Practical Implications

The benefits of contextual suggestion and recommendation systems in various areas
of the study clearly show its importance in considering potential opportunities based on
certain indicators. In the last decade, Internet tourists have seen an enormous increase in
inaccessible online data. Such data are certainly valuable for tourists who intend to visit
an obscure place [42,185]. To plan a trip, tourists frequently search associated information
about the place such as transportation, restaurants, accommodations, and cultural and
social activities around the area [7–9,134,200]. However, the never-ending list of choices
available online, even only on tourism-based websites, can be overwhelming and thus
confusing to tourists owing to its complexity. Evaluation can be time-consuming for tourists
to choose the best fit for their respective needs [104,105,186,201,202].

To provide tailor-made information to a tourist, techniques such as personalization can
be utilized to analyze tourists’ personal preferences, tastes, and limitations [6,8,11,69,71,135].
These techniques are specifically appropriate in recommendation systems [40,178] that aim
to provide tourists with relevant information based on personalization by screening out
irrelevant choices [67]. In tourism, contextual suggestion and recommendation systems are
specifically designed to coordinate with the attributes of the travel industry, suggest appro-
priate attractions to a tourist, and provide visibility support to leisure resources [6,8,35,104].
If provided with explicit/implicit feedback, these systems can assist a tourist with sponta-
neously learning tourist preferences to provide precise recommendations [30,42,96,159,187].
Explicit feedback can be obtained by asking a tourist to fill out a form based on the travel
experience and interest. Implicit feedback can be derived by accessing personal information
and activity logs to analyze personal interests.

Moreover, these contextual suggestion systems may not only take the preferences
into account, but also process several contexts of the trip (i.e., weather, trip type, location,
and more) that can benefit a tourist in a new city. A change in circumstances can also
customize an entire trip in a limited time using mobile devices. The context can include
locations by default, and a slight change in context can alter activities from a business
trip to the relief of rest days and variations in weather conditions. Approaches based on
context can proactively notify tourists with suggestions regarding their current contexts,
such as plan changes, current weather, location, and appropriate time to visit the specific
place [203]. For instance, on a business trip in a location planned for an office meeting, a
tourist can prefer to spend time in nearby places if the meeting is postponed. As such, the
contextual suggestion system can provide a list of places according to the tourist needs in
that particular context. In general, tourists heavily rely on mobile devices for travel. This
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behaviour recently shows massive increases. Therefore, e-tourism applications provide a
good opportunity for mobile services that help tourists by offering recommendations based
on their preferences and current context [8,204]. Consequently, the SDGs have become
major focal points for the study of tourism’s contribution towards SDGs 9 and 11 [205,206].
Tourism research also ensures economic, socio-cultural, and environmental sustainability
in many contexts such as continuous tourism revenue, employment rates, energy efficiency,
the usage and availability of clean potable water, biodiversity conservation, or crime rates
for both local communities and tourists [207,208].

Sustainable e-tourism can be increased via using handphone-based reliable and real-
time data and information for low carbon footprint in the tourism industry. The handphone-
based convenient system can reduce carbon emissions via reducing the physical movement
of tourists of the irrelevant searches for restaurants, accommodations, and so on. There-
fore, this handphone-based convenient e-tourism can significantly contribute towards
sustainable cities, i.e., SDG 11, as well as sustainable consumption, i.e., SDG 9. In addition,
the contextual suggestions via cognitive computing-based adaptive-learning techniques
have been instrumental for scholars such as city planners as well as for law enforcement
personals to contribute towards developing a sustainable city for promoting tourism, i.e.,
SDG 11. Smart gadgets including wearable gadgets can also contribute significantly to-
wards sustainable tourism [209–212], while linking entire industries related to tourism
as well as ensuring privacy and security of tourists in sustainable cities, i.e., SDG 11. In
this regard, the government sector can take on leadership roles for sustainable tourism
via promoting internet app-based e-tourism services, because the government sector is
well equipped with legal, institutional, and financial capabilities. Therefore, e-tourism
services and information disseminations such as healthcare, transport, accommodation,
restaurant, and so on by the government sector in collaboration with the private sector
can also contribute significantly towards sustainable tourism owing to the trust in the
government services including web-based ratings for specific services by tourists.

6. Conclusions

Contextual suggestion and recommendation systems are widely used in various fields
such as shopping and e-commerce, events and activities, social media, and e-tourism. In
the latter, location-based context and travellers’ personal preferences are mainly consid-
ered. This systematic review of literary studies reveals that 30 out of 143 articles are on
location-based contextual approaches, 4 are on time-based, and 27 are on the use of multi-
dimensional approaches. In addition, out of 143 articles, 19 articles focused on social-based
recommendations and contextual suggestions, 14 discussed activity-based approaches, and
the remaining 8 articles were based on reviews. Furthermore, 94 articles were based on the
analysis or evaluation study of model/framework, 41 were on applications, and 8 were
on reviews. This review finds that the widely used approaches are content-based filtering,
collaborative filtering, and matrix factorization. Normalized discounted cumulative gain
(NDCG) and precision, as well as reciprocal rank (RR), are also widely adopted tools
for evaluation.

The contextual suggestion and recommendation systems have become a phenomenon
in certain information retrieval (IR) and artificial intelligence (AI) areas to help travellers in
strategic planning based on factors such as their interests and contexts that can influence
their decision. This trend shows that several approaches in e-tourism are used in the
development of contextual suggestion and recommendation systems, providing a list of
venues to a traveller based on the context in line with the current technological development
as well as data resources available in smart cities. Using these systems in e-tourism, they do
not just offer the tourist efficient services by identifying personalised preference and buying
touristic products in the most convenient way after eliminating the non-preferred items,
further, it has also born as a way for sustainable travel and lifestyle. Besides, these systems
are also among the top technologies in cutting down the travelling time and cost, ensuring
more sustainable tourism. To have sustainability in e-tourism, the use of ICT and electronic
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tools in the environment, economy, and socio-culture have to be considered. The contextual
suggestion system remains sustainable in e-tourism, as it is undeniable that it improved the
tourist’s satisfaction and interests while maintaining the integrity of sustainability in the
recommendation context. Future research can include the diversity of the tourism service
blueprint for better touristic experiences, as well as how they enable the tourism industry
to track and communicate with visitors in a more meaningful way and more effectively
manage visitors’ experiences. Continuous collection and expansion on tourist contexts such
as the data range of complex emotional responses and moment-to-moment traveller-related
analysis might yield a more personally relevant search. Thus, the entire work process on
contextual suggestion and recommendation systems has enhanced sustainable e-tourism
in achieving SDG 9 and 11.
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