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Abstract

Group recommenders system is built to overcome the different needs that exist in each of the
tour group members in determining tourist destinations. This is because everyone has
different desires in determining the constraints of tourist destinations, such as costs and
tourist categories. This recommendation process is based on a combination of profiles of
each member to produce a tourist destination that can fulfill their needs. This paper uses
hybrid filtering which is a combination of collaborative filtering and knowledge-based
filtering. Because the two methods have their own shortcomings. The collaborative method
has a deficiency of tourist items that have never been rated by a user before, so the item
cannot be recommended for active users. While in knowledge-based, tourist items must be
completely described in detail so that they can be recommended to users. Domain used in
this research is Bandung Raya area. The results of the evaluation in this study, users tend to
feel very satisfied for the results of group travel recommendations generated the application.
As for the evaluation of the recommendation algorithm, users prefer the results of the
recommendations produced by collaborative and hybrid methods.

Keywords: Bandung Raya, collaborative filtering, group recommenders system, knowledge-
based filtering, recommenders system.

Abstrak

Group recommender system dibangun untuk mengatasi perbedaan yang ada pada masing-
masing anggota kelompok dalam menentukan tujuan wisata. Hal ini disebabkan, karena
setiap orang memiliki keinginan masing-masing dalam menentukan batasan tujuan wisata,
seperti biaya dan kategori wisata. Hal ini disebabkan, karena setiap orang memiliki
keinginan masing-masing dalam menentukan batasan tujuan wisata, seperti biaya dan
kategori wisata. Makalah ini menggunakan hybrid filtering yang merupakan gabungan dari
metode collaborative filtering dan knowledge-based filtering. Karena kedua metode tersebut
memiliki kekurangan masing-masing. Metode collaborative filtering memiliki kekurangan
dimana suatu ifem wisata yang belum pernah di rating pengguna sebelumnya, maka item
tersebut tidak dapat direkomendasikan untuk pengguna aktif. Sedangkan pada metode
knowledge-based filtering, item wisata harus benar-benar di deskripsikan secara detail
supaya dapat direkomendasikan kepada pengguna. Domain yang digunakan dalam
penelitian ini adalah wilayah Bandung Raya. Hasil dari evaluasi dalam penelitian ini,
pengguna cenderung merasa sangat puas dengan hasil rekomendasi perjalanan kelompok
yang dihasilkan aplikasi. Sedangkan untuk evaluasi algoritma rekomendasi, pengguna lebih
suka hasil rekomendasi yang dihasilkan oleh metode kolaborasi dan hybrid.

Kata kunci: Bandung Raya, group recommender system, collaborative filtering, knowledge-
based filtering, rekomendasi sistem.
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L. INTRODUCTION

Decision making in the system that makes learning groups from each member, such as tourism categories,
tourist locations, tourism facilities, and tourism costs. So that group members are satisfied with the
recommendations. The recommendation system is widely used in various business areas to make decisions or
recommend choices from available information [1] [2] [3]. The recommendation system in the tourism area is
one example of the application of decision making to help tourists in determining their tourism destinations.
The internet and the world wide web provide a wealth of information about tourism in the world. But to find
this information is very difficult. Because there is no information available on the internet according to the
latest conditions in tourist attractions. So that a system is needed to resolve the problem. The system is known
as the Recommender System which is used for e-commerce website applications to offer and add some travel
tips to users. The recommendation system can also be in the form of information and provide facilities needed
in the decision making process [4] [5] [6].

Therefore, the corresponding recommendation model for the recommendation system is needed so that it
can recommend tourist destinations and make it easier for users to determine tours according to the user's
needs [7]. Travel is a group activity, both with family, friends, and school friends. Group recommendation
system that aims to design the goals of groups with group members in according to group needs. In this
research system uses hybrid filtering method which is a combination of collaborative filtering methods and
knowledge-based filtering methods [8]. Because both methods have their own shortcomings, a hybrid filtering
method is needed to solve the problem.

The collaborative filtering method has a lack of rating on items that have never been rated and items that
have never been included before. This item cannot be given to the user. While in knowledge-based filtering
systems knowledge must really know the characteristics and domain of each item for the process of finding
tourist destinations to users. The system must be able to determine information that suits the needs of users
with available items [9] [10].

In this paper, the author builds a system of recommender group system, where user ratings, tourist
categories, and user costs are used as input in the application. Then it is processed by algorithm calculation
from collaborative filtering method and knowledge-based filtering method. After that the results of the two
methods are combined into the hybrid filtering calculation. The constraints in this study are as follows.

e The tourism recommendation system of this group only calculates the explicit rating of tourist items from
users already in the system.

e Users who have never rated a tourist item in the system, default to 0.

¢ Do not handle cold-start problems on tourist items.

e Users have registered and have rated items before.

The purpose of building a group tourism recommendation system is to overcome differences between group
members who want to travel together. So that produced recommendations for tourist destinations that can
fulfill their wishes.

II.  RELATED WORK
A. Collaborative Filtering

Collaborative filtering is a method used to predict the usefulness of an item based on the previous user's
rating on the item [11]. This method recommends items that have been selected by previous users with similar
model items from active users [12].

The collaborative filtering method in this study uses an item-based collaborative filtering. Item-based
Collaborative Filtering is a recommendation method based on the similarity between a previous item and the
selected item. From the level of similarity of items, divided by parameters the user needs to obtain the value
of the use of an item. Items that have the highest usability value are recommended [13]. This approach has
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two stages such as in the first stage of collecting the most similar tourism items. This stage uses Pearson
Correlation-based Similarity calculations to get the closeness between the two most similar tourist items.
Furthermore, the second stage calculates item rating predictions that have not been rated by active users [8].
The results of rating prediction calculations are used for hybrid calculations.

1) Pearson Correlation-based Similarity: is used to measure how much a linear relationship between two
variables [14]. Similarity values range from -1 to +1. The value -1 has a negative linear correlation, the value
0 has no correlation, and the +1 value has a positive linear correlation. sim(i, j) is the closeness between item i
and item j. m is the number of users who give a rating on item i and item j. Ru, i is the rating given by the user
for the item i. R1 is the average of users who give a rating on item i. The equation for calculating the similarity
between items i and item j is as follows [15].

Yor=1(Ru,i—RD)(Ru,j—R))

JE s Rui-R)2 [ (Ruj-Ri?

sim(i,j) =

(1

2) Rating Prediction: After obtaining similarity values from Pearson Correlation-based Similarity, an item
rating prediction has not been rated by the user. This rating prediction is used as a candidate to recommend
items for users. Value on prediction rating between 1 to 5. n is a neighbor of items for users u. This neighbor

consists of item j which is given an explicit rating by the user u and is similar to item i. Tu,i is a rating
prediction for u users on item i. This neighbor is also different for each user.

L= Sim(i.j) (Ru.j—RJ)
ti=1 Istm(i.j)| @)

fu,i =1+
B. Knowledge-based Filtering

The system must understand more information about tourist destinations with restrictions raised by users.
Knowledge-based filters out tourist destinations that are similar to what users want. The knowledge-based
stage collects information only for tourist destination domains. The following sources of information are
integrated into knowledge-based filtering [5] [8].

e Information on tourist destinations, such as: description of tourist attractions, address, telephone,
coordinates, and facilities.

e Tourism costs, such as: entrance fee for tourist sites.

e Tourist categories, such as: nature and outbound tours, educational tours, park and playground tours,
swimming pools and waterfalls, religious and cultural tours, and shopping tours.

e Tourist areas, such as: West Bandung, Bandung City, Kab. Bandung, and Cimabhi.

A . YkeDp Wkxsc(i,k)
ru, il = ——m@8M8M8M8—= 3
YkepWk 3
. _1 (expectedcost—max _budget,0)
SC(l, k) =1 max _budget (4)
wk=1 (5)

wk is the weight of the knowledge-based recommender method. sc(i, k) is a scoring for items i.
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C. Hybrid Filtering

UserProfile : 1
rating of tours

Collaborative 3

> Hybrid

Constraints: | 2 Knowledge- a
budget based

Fig. 1. Block diagram of Hybrid Recommendations [8]

Hybrid filtering is a recommendation system method for combining several recommendation methods to
produce tourist destination output [12]. Some recommendation systems use hybrid methods to combine
collaborative and knowledge-based methods to help the constraints found in both methods [1]. From the
results of the two rating prediction calculations combined into hybrid predictions by adding multiplication
results from the two rating predictions with weight on the hybrid. The weight of the hybrid for both methods
is 1/2. Because the weight on the hybrid if added should be 1 [8]. wcf is a weight for collaborative filtering.
fcf is a rating prediction for collaborative filtering.

thybrid = wcf * fcf + wkb * Tkb (6)
wcf +wkb =1 (7)

D. Anova Test

Analysis of variance (Anova) test is a statistical procedure used to test a hypothesis by comparing the average
number of samples of population variance. There are two hypotheses used in Anova test, such as:

e HO (Null Hypothesis), the initial hypothesis that the average of two groups of variance is not
different. HO has a significance level of (o)) < 0.05

e HI (Alternative Hypothesis), namely the alternative hypothesis that the average of the two groups of
variance is different. H1 has a significance level of (a) > 0.05

111 RESEARCH METHOD
A. Dataset

The tourism dataset consists of details of tourist attractions and rating of tourist attractions resulting from
the questionnaire. Below is a table I of tourist attractions used in this study.

TABLE I
DATASET OF TOURISM
. Country of Tourism (Total)

No. Category of Tourism Bandung Barat Kab. B};ndung Kota Bandung Cimahi

1. natural and outbound tourism 18 15 1 3

2. swimming pool and waterboom 1 8 2 2

3. tourist parks and playgrounds 3 1 12 2

4. educational tours 8 1 11 0

S. religious and cultural tourism 1 0 3 1

6. shopping tour 0 0 4 0
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B. Group Recommendation
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Fig. 2. Block diagram of Group Recommendations [8]

Fig. 2. shows that group recommendations require input consisting of user profiles in the form of rating of

tourist attractions, tourist categories, and costs [16]. The following stages can distinguish information flows
according to fig. 2.

'

Users enter tourism categories and costs on the application.

Then the system performs a pre-filter process from the database of tourist attractions to user input in the
form of tourist categories. This process produces a short list of tourist attractions to be used in the method
calculation process.

Short list of pre-filter results is calculated using collaborative methods (for rating), knowledge methods
(for costs), and hybrid methods (combining collaborative and knowledge).

Results from the calculation of the hybrid method of each group member are combined using the
recommendation aggregation technique [17]. The recommendation aggregation technique uses an
"average" strategy [18] which is calculating the average hybrid rating prediction of each group member
who has the same tourist destination. But if tourism destinations are different, hybrid rating predictions
will immediately become a short list of groups [8].

Short list of groups are a list of initial tourist destinations for groups.

After that, the results short list of groups are carried out a ranking process for each group member. This
process uses the Borda calculation method [18] to determine the winner of a tourist destination by giving a
number of weights to each candidate for a tourist destination. The highest weight is given to the first rank,
while the lowest weight is given to the last rank [19]. Ranking is given between 1 to 10 [8], where the
weight for the first rank is 10 and the rating of 10 is 1 [19].

The results of the Borda calculation process become a list of final recommendations.

IV.  RESULTS AND DISCUSSION
Results of Testing User Satisfaction Levels on Group Recommendations

In the results of testing the level of user satisfaction on the group recommendations, testing was conducted

in the form of a questionnaire to determine the level of user satisfaction in using this application. Data
collected from 30 users through questionnaires such as fig. 3. Reference questions and users from previous
paper references.
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TABLE I
USER DISTRIBUTION IN THE QUESTIONNAIRE
No. Gender Age Job Total
1. Male 22 years and above college student 14
Female 22 years and above college student 16
1. Overall, I am satisfied with this 2. I believe, I easily tell what I like or dislike
recommendation
12
20
o 10
=15 g8
3 £ 6
<10 S
2 s 4
< ]
. 11 R
0 0
strongly disagree quite  agree strongly st.rongly disagree quite  agree strongly
disagree agree agree disagree agree agree
B users B users
(a) (b)
3. I believe this recommendation is useful 4. If this application is publicly available, 1
12 will consider using this application
10 14
© o 12
2
<6 g2 8
° S 6
g 4 3
2 s 4
2 . )
0 0
strongly disagree quite  agree strongly st.rongly disagree quite agree strongly
disagree agree agree disagree agree agree
Husers Husers

© (d)

Fig. 3. User Satisfaction on Group Recommendations (a), preference for recommendations (b), usefulness of recommendations (c),
application usage in the future (d)

Based on fig. 3. the level of user satisfaction on group recommendations produced by the application for
the strongly agree category has the highest percentage value of 56.667% and the category agrees with the
highest percentage of 30% from of 30 users in table II.
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B. Results of Evaluation of Algorithm Recommendations

Recommender Algorithm
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Fig. 4. Results of Evaluation of Algorithm Recommendations

Based on fig. 4. users prefer the results of recommendations on collaborative and hybrid. Because based
on the data in fig. 4 the percentage of rank 1 in both methods shows a value of 43,333% for collaborative
filtering methods and 50% for hybrid filtering methods. But the knowledge-based filtering method for ranking
1 is only 10%. Because the knowledge-based method of the recommendation results does not have many
tourist destinations. While in collaborative and hybrid methods, users get many choices of tourist destinations.
The resulting value is still low because the user testing is only 30 users and questions from the questionnaire
submitted based on the previous paper which was later developed by the author.

C. Results of Anova Test

ANOVA
Ranking
Sum of
Squares df Mean Square F Sig.
Between Groups ,000 2 ,000 ,000 1,000
Within Groups 154,000 6 25667
Total 154,000

Fig. 5. Results of Anova Test

Based on fig. 5. statistical analysis carried out by using Anova One Way test to test the superiority of
algorithm recommendations with 95% confidence level and HO value of 0.05, that Anova test output for
significance value (sig.) is 1. This means that the sig value > HO value. So it can be concluded that the
method variable does not significantly influence the difference in ranking average of the three methods used.

V. Conclusion

Based on the test results data in chapter IV, both testing the level of user satisfaction on group
recommendations, testing algorithm recommendations, and Anova One Way testing. Users tend to strongly
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agree with the results of group tourism recommendations presented by the application. With this application,
it is expected to be able to meet the wishes of users in determining tourist destinations in groups. Users can
choose restrictions such as the costs and tourist categories they want.

The algorithm recommendations that are used have various recommendations in accordance with input
from users. Collaborative and hybrid methods tend to be favored by users rather than knowledge-based
methods. Because collaborative and hybrid methods produce more choices of tourist destinations than
knowledge-based methods. However, in testing the statistical analysis with the Anova One Way test to test
the superiority of recommendation algorithms, it is statistically insignificant on the difference in ranking
average of the three methods used.

It is expected that further research will further develop and explore the three methods used. Can also be
added to other methods, such as content-based filtering methods. So that the resulting recommendations are
far more varied. Can also be added with other domains, such as restaurants, routes, and inns to get more
complex recommendations.
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