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ABSTRACT

An exponential growth in tourism data had recorded online in the past decade due to the recent developments
of web technologies and communication means. At the same time, the information overload incurred on web
search engines challenges the quality of recommendations to the users although various recommenders have
been developed. The main objective of these recommenders is to attract the tourists in turn promote tourism by
means of advanced artificial intelligence and big data technologies. In this paper, a conceptual model is
proposed for hybrid recommendation system for tourism data that considers the tourist preferences. Hybrid
recommender system is the combination of the content based and collaborative filtering recommenders, which
absorbs the benefits of both approaches and leads to the quality recommendations. For this, a deep learning
model is developed to study the patterns in the tourism data and recommends the based on the tourist profile.

Keywords : Recommender Systems, User Profiling, Content-Based Filtering, Collaborative Filtering, Hybrid

Recommender System; E-Tourism

I. INTRODUCTION other similar users with same kind of preferences [8].

The history of user profiles and what items they like,

user’s interactions with the either

E-tourism is the field that attracted many users by
means of recommending appropriate plans for trips
useful

information retrieval technologies [1-5]. The basic

and  providing information  through
input for this is the user profile which is ranked
collection of the predicted interests of the user over a
period of time [6, 7]. The traditional recommender
systems consider the numeric data as key input,
which are populated by the ratings given by set of
users over set of products as shown in figure 1. The
content based approach built the preferences using
the past evaluations of the user whereas collaborative

filtering approach uses the past evaluations of the
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items by
purchasing them or spending substantial time with
the items play important role in predictions done by
the system. Collaborative filtering suffers from data
sparsity due to lack of enough rated data from past
user interactions, either because many users do not
express their preferences, for example through rating
or liking an item, or because the users are new and

have not interacted with the items before.

479 L



M Venu Gopalachari et al Int J Sci Res Sci Technol. May-June-2020; 7 (3) : 479-484

Recommender System

b

L
| ! } !

[Conlem Fillef[ng} { Cc'gﬁ;ﬁ;"’e J Knowledge based} {Hybrid Filtering }

Filtering

h 4

Memory Based} [Model Based J [ Hybrid ’

Figure 1 : Types of traditional recommenders

This lack of enough data, weakens the power of
prediction thus recommendations suggested become
not so accurate. Another weakness with Collaborative
filtering is that its recommendations are based on
similarity of items and popular items tends to have
common features thus putting popular items to be
recommended more, and little unknown items are
never suggested, not because they are bad choices but
because the CFRS are biased on similarity. Another
weakness of Collaborative filtering recommender
system is that they are not scalable especially with
lots of computations of user item matrices that would
take a lot of computation resources. In order to
overcome the shortcomings of the CFRS, many
models have been studied and developed so as to
generate personalized recommendation systems. As
outlined by some models were those that dealt with
data scarcity, modeled using dimensionality
reduction methods, neural networks and many other
methods concludes that there were no unique models

for the real world purview.

Social information also becomes part of the input in
addition to rating matrix with the recent advances in
the field of to build

recommenders [9]. Similarly, contextual information

social networks social

such as location, weather conditions can also be
incorporated in recommenders [10, 11, 12]. However,
the tourism data is the combination of variety of

information that exhibit heterogeneous nature
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requires hybrid approach in building recommender
system. The data evolution pace in the tourism
application domain demands the need of big data
technologies in building recommender. The main
objective of this work is to designing a framework for
the hybrid tourism recommender that aims to

integrate the opinion analysis.

II. RELATED WORK

The general scope of a recommender system (RS) is to
find the items with maximum utility under a given
user’s expectations, at a given moment. Usually, user
similarities and item characteristics are used to
generate an ordered list of items that are most likely
to satisfy a user. Based on the filters used on the item
list there are various recommenders exist on tourism
data with diversified aspects which can be classified
in its own ways. The recommender in [14] built the
user profile by reviewing the habits of the users,
derived by the rating matrix, by which the similar
users are defined. Some recommenders also use the
text analytics such as sentiment analysis on the
review text generated by user.

This information also helpful in better visualizing the
available data for a particular tourist place [11]. This
kind of collaborative kind of filters are difficult to
built as the data related to similar users is very sparse

because of the diversified tour plans of the individuals.

On the hand,

recommender is a popular approach that considers the

other content based filtering

user's history and generates the user profile
accordingly [13]. In [15], semantic relationships
among data items along with meta data of the same
helped in generating recommendations. The Sparsity
of the user’s data, over specialization of preference
prediction are the basic disadvantages of content
based filtering techniques. The most commonly used

context elements in tourism recommendation systems
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are location, weather, visit history, and weather.
Some recommenders uses the spatio temporal aspects
as context in profiling user [16]. The hybrid approach
is the combination of all these traditional approaches
that try to overcome the demerits of individual
approach [17, 18].

The system is a hybridization of three approaches: the
content-based approach, the social approach, and the
context-based approach. It should be noted that 90%
of the current solutions are generally concentrated on
a single category of items (hotels, museums, tourist
sites, )[13], providing only tourist services
the the

administrator or by experts) to make the trip more

information (inserted in system by
pleasant; besides, most of these works use a single
approach, with a clear predominance for content-
based approaches[13]. For all these reasons, there is a
need for a conceptual framework not only to gather
the recommendation approaches but also to present
the

architecture.

different tourism resources in a single

III. PROPOSED MODEL

The architecture of the proposed conceptual model is
shown in figure 2, in which the input data is three
different forms. The first one is user rating data,
which is a matrix that contains ratings given by the
users over various items defined as R - U X I. The
second one is the historical data navigated by user
that provides the access data along with temporal
constructs. The third one is the demographic data of
the user such as location, data of birth, gender etc.
The the

architecture is made up of three main sub-processes,

conceptual framework of proposed
which are a process known as user profiling, a process
for selecting content (filtering) that best matches user

profiles, and a context filtering process.
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Figure 2 : Conceptual Framework for hybrid

recommender system

These processes take place at the intersection of

different areas of computer science research,

including artificial intelligence and operational
research. For example, in artificial intelligence, the
profiling process can be expressed as a learning
problem that exploits users’ past knowledge. Often,
the system should learn the user’s profile rather than
requiring the user to provide it. This usually involves
the application of Machine Learning (ML) techniques.

The purpose of the filtering process is to learn how
to categorize new information based on previously
seen information that has been implicitly or explicitly
labeled as interesting or uninteresting by the user.
With these labels, ML methods can generate a
predictive model that, given a new item, will help to
decide the degree of interest the user may have in the
item.

In operational research, the context filtering
the

combinatorial optimization problem. Although these

process leads to formal definition of a
attributes do not provide information on the ratings,
they allow us to refine the user profile and adapt the
recommendations. Furthermore, demographic data
can be used to calculate recommendations for new
users; the demographic approach is first used to solve
the cold start problem[19, 20].

Context is based on the integration of contextual
information (location, time, physical
environment, : : :) for the generation of dynamic and
personalized visit itineraries. A special characteristic

in tourism, which distinguishes it from other domains
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in which recommenders have been applied, is the
the

recommendations

mobility  of users, which may need
in different moments and in
different places. For this reason, this particular type of
recommender systems has started to incorporate
context-aware techniques.The data collected about
the user are then selected, analyzed, and saved as
independent modules. The conceptual model has
some challenges also in generating recommendations.
The first challenge is the data Sparsity in the rating
matrix which leads to erratic analytics. Cold start
problem occurs for new users and new items as the
data is very less. The second challenge is the
navigation or access data which provides the user’s
preferences in tourism domain. But most of the
tourism data portals have security concerns which do
not allow the user’s navigation data at full extent. The
third challenge is about the demographic data that
defines the context of the user’s preferences in
tourism. On the other hand the demographic data is
not reliable most of the users may not show the
interest in posting accurate data in public domains.
Despite of these challenges the proposed hybrid
conceptual model can generate qualitative
recommendations by overcoming individual set back

in each approach.

IV. RESULTS AND DISCUSSION

Initially the list of tourist spots in India is collected.
Then the information regarding every tourist spots is
fed to the system in order to provide the information
to the user. Later some data preprocessing steps
applied in which decision tree learning is one of the
predictive modeling approaches used in statistics, data
mining and machine learning. It uses a decision tree
to go from observations about an item to conclusions
about the item's target value. Next step is applying
text analytics such as sentence Segmentation, Word
Tokenization, Predicting Parts of Speech for Each
Token, Text Lemmatization, Identifying Stop Words,
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Dependency Parsing, Finding Noun Phrases and
Named Entity Recognition (NER).

We used three distinct data sets; in this article, they
DS2, and DS3. Each data set

represents a random sample of a larger set of the real-

are named DSI1,

world tourism-related data used by the authors in
other studies. The DS1 data set is a sample of 209
surveys of American pleasure travelers regarding
their perception of China as a travel destination. The
DS2 data set contains 332 TripAdvisor reviews of a
historic attraction in the city of St. Augustine, Florida,
posted between March 12, 2014, and October 12,
2015, by visitors to the site. Finally, the DS3 data set
is a sample of 200 English-language Twitter messages
related to the 2014 Winter Olympics held in Sochi,
Russia. Together, the data sets represent three
frequently used sources of data in tourism analytics:
surveys (DS1),
systems (DS2), and social network data (DS3). The

size of the sample data sets was determined to

traditional travel recommender

represent a realistic training/testing target for a
research team, which prevents deteriorated quality of
classification. All data sets have undergone a
thorough “data cleansing” process. It has been
estimated that the real-world data contain up to 40%
of inconsistent data. Each data set was analyzed by
four automated sentiment classification programs and
four programs were selected to represent choices that
researchers face when dealing with sentiment data
analysis, primarily in terms of the programs’
underlying approach and the amount of effort
required on the part of the researcher prior to data
analysis. Overall, based on the accuracy, precision,
and recall metrics, both SVM and Naive Bayes

classification models exhibited performance.

Table 1: Performance comparison on three data sets

for SVM
SVM
Accuracy | Precision | Recall
DS1 | 0.87 0.52 0.42
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Figure 3: comparison on three data sets for

evaluation metrics

The values of accuracy, precision and recall
for SVM technique on three data sets are given tablel.
The results shown fair accuracy of recommendations
with the processing model SVM on three data sets. In
table2, the evaluation metrics of the accuracy,
precision and recall values on three data sets foe naive
bayes technique. However the results for both
techniques shown fair performance for hybrid

recommenders.

Table 2: Performance comparison on three data sets

for Naive Bayes

Naive Bayes
Accuracy | Precision | Recall
DS1 | 0.82 0.72 0.62
DS2 | 0.71 0.65 0.58
DS3 | 0.84 0.61 0.64

0.9
0.8
0.7 -
0.6 -
0.5 -

0ODs1 @DSs2 0obs3

0.4 -
0.3 -
0.2 s
0.1 —

International Journal of Scientific Research in Science and Technology (www.ijsrst.com) | Volume 7 | Issue 3

Figure 4: comparison on three data sets for

evaluation metrics

V. CONCLUSION

Tourism data in the public domain had wide variety
of forms showcasing the heterogeneity in the data set
which makes the analysis complicated. This paper
describes the current tourism recommender systems
and then we have presented a new conceptual
framework to implement tourism recommender
systems. Our hybrid architecture aims to improve the
visitor experience by recommending the most
relevant items and helping him to personalize user
preferences. This architecture will be implemented,
through advanced technologies, such as big data tools,
machine learning techniques, and the Internet of

things.
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