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Abstract
User-based tourist attraction recommender system is developed in this paper. The recommender system is constructed as an online
application which is capable of generating a personalized list of preference attractions for the tourist. Modern technologies of classical
recommender system, such as collaborative filtering are considered to be effectively adopted in the tourism domain. On the basis of
collaborative filtering principle, the recommendation process of tourist attractions divided into three steps, representation of user
(tourist) information, generation of neighbor users (tourists) and the generation of attraction recommendations. In order to calculate
the similarities between each user, the Cosine method is adopted during the process of the generation of neighbors. And then the
recommendations of attractions are generated according to the visiting history of the user’s neighbors. In order to demonstrate the
calculation process of the system, a case is demonstrated in detail. In case if user does not have any visiting history or new member
here the recommendation process takes place based on the User Area of Interest (AOI).
Keywords
Tourist Attraction Recommendation; User-Based Recommendation; Recommender System; Collaborative Filtering
I. Introduction
Tourism is a great income generator due to an increased demand
for its services. Their components range from quality and wide
range of transportation to infrastructure, accommodation, food and
beverage, support services and travel distribution services.
Most of the tourism industries have a huge tourist’s potential,
unfortunately, too little valued and exploited. As a result, one of
the strategic developments of the economy aimed the tourism
industry. But strategies are based on different trends obtained
from sophisticated analysis of data. Providing the managers in
the tourism industry with information about and insight into the
existing data is the key function of the data warehouse systems.
Data mining - techniques for exploration and analysis of large
quantities of data in order to discover meaningful patterns and
rules - helps businesses sift through layers of seemingly unrelated
data for meaningful relationships, where they can anticipate, rather
than simply react to, environment challenges.
A system which enables the use of data mining techniques on
data stored in a data warehouse is ideal for high quality analyzes
to support strategic decision. But designing and implementing a
Data Warehouse is a complex and expensive process, so we can
apply the data mining algorithms on large volumes of data from
relational databases.
The aim of this is to present the opportunity to use data mining
methods on data from tourism.
II. Literature Servey
Lots of technique is carried out some of discussed here.
A. A Study of Mixture Models for Collaborative Filtering
[1]
The rapid growth of information over Internet demands intelligent
information agents that can sift through all the available information
and find out the most valuable to us. These intelligent systems
can be categorized into two classes: Collaborative Filtering
(CF) systems and Content-based Filtering (CBF) systems. The
difference between them is that collaborative filtering systems
utilize the given ratings of training users to make recommendation
for test users while content-based filtering systems rely on contents
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of items for recommendation.
Most collaborative filtering methods fall into two categories:
Memory-based algorithms and Model-based algorithms. In
memory-based algorithms, rating examples of different users
are simply stored in a training database, and the rating of a test
user on a specific item is predicted based on the corresponding
ratings of training users who share similar tastes as the test user. In
contrast, in model-based algorithms, statistical models are learned
from the given ratings of training users and ratings of test users
are estimated using the learned model.
B. A collaborative filtering framework based on both
local user similarity and global user similarity [2]
Collaborative filtering is a classical method of information
retrieval widely used in helping people to deal with information
overload. Generally, there are two major classes of collaborative
filtering algorithms, memory-based algorithms and model-based
algorithms. Because of their simplicity and robustness, memorybased algorithms are widely applied in practice, To estimate a
prediction for a particular user (i.e., an active user), the memorybased algorithms first find users from the database that are
most similar to this active user, and then combine those ratings
together. The measurement techniques of the similarity between
users include the Pearson Correlation Coefficient Vector Space
Similarity (VSS) algorithm and the extended generalized vector
space model these algorithms can be considered as user-based
algorithms.
However in practice, systems based on collaborative filtering
algorithms often face the problem of having at their disposal only
an insufficient amount of preferences ratings of their individual
users. Therefore, one of the biggest challenges of designing
a collaborative filtering system is how to provide accurate
recommendations with the sparse user profile data. To estimate
an active user’s rating of a particular item, traditional user-based
methods first find the user’s neighbors (the users who are similar
to the active user). Then, the active user’s rating is predicted by
averaging the (weighted) known ratings on the item by his/her
neighbors. This kind of methods is based on the assumption that
similar users have similar rating patterns. Unfortunately, due to
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the data sparsity problem, firstly, often there does neither exist a
sufficient amount of similar neighbors, nor a sufficient amount
of ratings of the particular item.
The measurement of the similarity between users plays a
fundamental role in user-based algorithms. Traditional methods of
computing similarity, however, have two important shortcomings.
Firstly, usually all items are treated the same when computing the
similarity of users. This is addressed by), which assign different
weights to items in order to allow for items to contribute in
different strength to the user similarity calculation. The second
problem is that the similarity of two users cannot be calculated
if they have not rated any identical item. In other words, due to
the data sparsity problem, the neighbors of active user cannot be
found. To solve this problem, it seems promising to transitively
examine whether the neighbors of the two users are similar. That
means we should estimate similarities between any two users
from a global perspective
C. Using location for personalized POI recommendations
in mobile environments [3]
Internet-based recommender systems have traditionally employed
collaborative filtering techniques to deliver relevant “digital”
results to users. In the mobile Internet however, recommendations
typically involve “physical” entities (e.g., restaurants), requiring
additional user effort for fulfillment. Thus, in addition to the
inherent requirements of high scalability and low latency, we
must also take into account a “convenience” metric in making
recommendations.
III. Proposed System
On the basis of collaborative filtering principle, the recommendation
process of tourist attractions can be divided into three steps;
1) The representation of user (tourist) information. The visiting
history of attractions by tourist need to be analyzed and
modeled.
2) The generation of neighbor users (tourists). The similarity of
tourists can be computed according to the visiting history data
and the collaborative filtering algorithm. A neighbor tourist
list can be calculated on the basis of known similarities.
3) The generation of attraction recommendations. Top-N
attractions will recommended to the tourist according to the
visiting history of his neighbors.
According to above steps, user’s basic information and past travel
history can be used to calculate the user list of neighbors.
According to above steps, user’s basic information and past travel
history can be used to calculate the user list of neighbors which
are recorded in the corresponding record in the user database.
When users log into the system, the recommendations of tourist
attractions can be presented based on the travel experiences of his
neighbors. The process of recommendation is shown in Fig.1. In
order to increase the efficiency of the system, the system calculated
users’ neighbors’ offline for each user, and calculated at regular
intervals.
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Fig 1: Generation process of attraction recommendations.

A. Generation of Neighbors
Neighbor users generated mainly based on the similarity between
each user. However, a larger number of users have become null
and void, so the system needs to pre-process the user data before
generating neighbors. The preprocessing process consists of data
cleaning, data integration, data conversion and data reduction. The
system then can get a more streamlined and representative list of
users which are usually often logged on and recently recorded
users, which are recognized as active users. For users already have
travel records, the system can use the visiting history of tourist
attractions to calculate the similarities between users. For the
user there is no travel records, the system can use the user’s basic
information (such as logging times, sex, professional, vehicle,
etc.) as the basis for the calculation of similarity.

Fig 2 : Proposed System View
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Figure 6 shows DFD of Visitor.
IV. Data Flow Diagram
A data flow diagram (DFD) is a graphical representation of
the “flow” of data through an information system. DFDs can
also be used for the visualization of data processing (structured
design).
Data flow diagram of Admin:
Here the admin can login into the system by using His/her Id and
Password. Here Admin can able to add Cities, Tourist Places,
Accommodation, Transportation cost, Discussion Forum and
FAQ’s .Here admin have authority to Add or remove the cities
or tourist places. Figure 4 shows DFD of Member.
Data flow diagram of Member:
Tourists can be login into the system by using their ID’s and
Passwords. Here member can able to see the tourist places by
selecting a particular city, here this system can recommend the
tourist places based on his/her visiting history. If the member is
new then the recommendation is based on his/her AOI (Area of
Interest) on the recommendation of tourist places member can
book. Figure 5 shows DFD of Member.
Data flow diagram for Visitor:
Here visitor has limited access visitor only can able to view some
basic functions which is located on the main page such as about
us, contact us,FAQ’s and Registration option to become member.
.

Fig 3 : Context data flow diagram
It is common practice to draw a context-level data flow diagram
first, which shows the interaction between the system and
external agents which act as data sources and data sinks. On the
context diagram (also known as the ‘Level 0 DFD’) the system’s
interactions with the outside world are modeled purely in terms
of data flows across the system boundary. The context diagram
shows the entire system as a single process, and gives no clues
as to its internal organization

Fig 4: Data Flow Diagram (Level 1) – Admin
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Fig 5: Data Flow Diagram (Level 1) – Member
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V. Conclusion and Future Enhancements
In our proposed system “User-Based Collaborative Filtering
System for Tourist Attraction Recommendations “. Tourist can
easily book tourist places based on his/her interest or also book
the tourist places based on recommendation which is generated
based on his/her visiting history or on AOI (Area of Interest).
We can add up the Online Payment Module as a future enhancement
to the application where tourists can pay online. We can add up the
Feedback module as a future enhancement to the application where
tourists can send the feedbacks regarding the website services to
the administrator. We can add up the visitor query module as a
future enhancement to the application where new visitors to the
application can post the queries to the administrator. And we can
add up user can get booking detail through the E-mail or Message
to his\her cell.
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