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Abstract

Tremendous amount of access log data is accu-
mulated at many web sites. Several efforts to
mine the data and apply the results to support
end-users or to re-design the Web site’s struc-
ture have been proposed. This paper describes
our trial on access logs utilization from com-
mercial yellow page service called “iTOWN-
PAGE”. Our initial statistical analysis reveals
that many users search various categories -
even non-sibling ones in the provided hierar-
chy - together, or finish their search without
any results that match their queries. To solve
these problems, we first cluster user requests
from the access logs using enhanced K-means
clustering algorithm and then apply them for
query expansion. Our method includes two-
steps expansion that 1) recommends similar
categories to the request, and 2) suggests re-
lated categories although they are non-similar
in existing category hierarchy. We also report
some evaluations that show the effectiveness
of the prototype system.
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1 Introduction

1.1 Introduction

The rapid progress on storage capacity and proces-
sor performance brought us a chance to analyze huge
log data left on Web servers. With early success of
“Click-stream” analysis, many research groups and in-
dustries are paying more attention to Web log mining
techniques. By utilizing those techniques, several pro-
posals have been made to support end-users or to re-
design web site. But as far as we know, no technical
report on huge log data mining is available to public.

This paper reports results of log data mining and
query expansion experiments on the huge commer-
cial Web service called “ITOWNPAGE”, an online
Japanese telephone directory system. We analyze 450
million lines of iITOWNPAGE log data and create ses-
sion clusters from 24 million lines of selected log data.
Our initial statistical analysis founds that many cat-
egories that are not sibling in the given yellow pages
hierarchy are searched together in one user session.
We also found that many queries fail that no result
matched to the user requests. To cope with these
problems, we propose a query expansion method us-
ing user requests clusters obtained by our enhanced
K-means clustering on log data. Our method includes
two-steps expansion that 1) recommends similar cate-
gories to the request, and 2) suggests non-similar cat-
egories in existing hierarchy but found to be related
in log-analysis as well. Here we also report the im-
plementation details of our prototype and also some
evaluations that prove its effectiveness.
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Figure 1: Top Page of iTOWNPAGE and The Result Page

1.2 Related Works

Although many experiments on Web log analysis have
been made [1, 2, 3, 4, 5, 6], there are not so many
reports for complete process of producing end-user as-
sistant application through Web log mining. Some
of those proposals include Web page recommendation
and automatic link generation through small log anal-
ysis. Yan et al. [7] developed a system for automatic
link generation using user-session clusters based on ac-
cessed Web pages and their frequency. Mobasher et al.
[8] proposed a Web page recommendation system by
mining association rules from Web page accesses.

Collaborative filtering[9, 10, 11, 12] is another well-
known method for item recommendation applications.
But, as it requires user profiles that record user pref-
erences for recommendation, it is not suitable for ap-
plications like yellow pages which do not identify the
individuals that use it. In this paper, we discuss rec-
ommendation methods suitable for anonymous users
with no user profiles available.

2 Internet Yellow Page Service and its
Problems

This section describes the overview of the target ser-
vice iTOWNPAGE and problems found after statisti-
cal examination.

2.1 iTOWNPAGE

“TOWNPAGE?” is known as the national yellow page
provided by NTT Directory Services Co. Its Internet

version iTOWNPAGE has been available since 1995.
Now it is available even on mobile phone services in-
cluding i-mode. Its 11 million telephone listings cover
all Japanese shops, services, and companies. These
listings are classified under 2,000 categories. The ser-

vice records 50 million page-views per month at the
end of 2001.

An example of Web iTOWNPAGE is illustrated on
Figure 1. The left window is the top page of iTOWN-
PAGE. Users can search the directory by inputting free
key words, categories, or company names, paired with
a location. The right window of Figure 1 is the result
page that displays listings; company names, addresses,
phone numbers with advertisements, URLs, and maps
of their location.

If a user wishes to search for a certain category,
he/she can input the keywords directly, or browse the
category in an alphabetical list or from a category hi-
erarchy. An example of category selection is displayed
in Figure 2. The category hierarchy in iTOWNPAGE
has about 15 top level nodes, 80 second level nodes,
500 third nodes, and 3,000 leaf category nodes. Note
that since there are some alias categories, number of
leafs are more than 2,000 actual categories. For exam-
ple, a category “Hotels” is found by selecting “Leisure
Industries” from the top level, and then “Accommo-
dations” from the second level.
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2.2 Problems
Analysis

We analyze log data on iTOWNPAGE recorded from
1st February to 30th June 2000. Size of analyzed data
was 450 million lines, 200 GB.

Problems found in this examination are reported in
this section.

An overview of the search request types on iTOWN-
PAGE is shown in Figure 3. As is usual with yellow
page services, most requests (about 60 %) are searches
by a category and an address. Our first research target
is to support this kind of searches by helping category
selection.

First issue for this target is regarding sessions with
multiple categories. A session is a series of search re-
quests from a user (defined in later section). We found
27.2 % of search sessions with category as their vari-
able input are multiple category sessions; that includes
more than two different categories in sequence. These
multiple category sessions are typical in yellow pages;
users might try to look for the category they wish to
search (users in trouble) or they are willing to search
thoroughly in the yellow pages (good customers of the
service provider).

Looking further into these multi category sessions,
75.2 % of them used non sibling categories which
do not share the parent in the category hierarchy
iTOWNPAGE provides. This may indicate a gap be-
tween the category structure expected by users and the
one supplied by the designer of the service provider. It

Found Through Statistical

can also indicate many users have multiple purposes at
the same search session.

It is obvious if a given category hierarchy differs
from a users search trend, users may feel inconvenient
when they use the service. That is why category hier-
archy should be updated frequently. But it is difficult
to maintain an ideal category structure at all the time.
Therefore it is important to analyze users search trends
in a periodic basis, and to have a mechanism that can
reflect the trend in how the hierarchy is provided to
the users.

Second issue is the case when users can not get
any results for their search requests. From the Fig-
ure 3, notice that in category-and-address searches,
25 % of the requests return no listings. At this mo-
ment, iTOWNPAGE only displays the help message
asking the users to modify the address. Since this sit-
uation might frustrate the users, a more precise hint
that match their need is required.

3 Log Analysis of iTOWNPAGE

We have found that many users request non sibling
categories (categories placed in the different node of
the hierarchy given by the yellow page) together in
the same session. If the category hierarchy does not
work well for users to select categories, users might be
unhappy. We will examine in detail that trend and
discuss our method to overcome the problems. This
section describes our mining method for the log data,
clustering algorithms, and mining results.
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Figure 4: The Size of Log Data

3.1 Log Preprocessing Outline

iTOWNPAGE has standard web access log (apache
web server format) and application server log. Access
log includes time, remote host name, user agent name,
request URI, referrer URL, and cookie ID. Application
server log includes time, remote host name, cookie ID,
requests for database and the status of search result
(number of results). These two logs are joined using
cookie ID and some other heuristics. The size of log
data is illustrated on Figure 4. The access log for our
test is five months log collected from February to June
2000. It consists of about 450 million lines, about 200
GB data in size. In addition, we also have another
20 GB application log. About 62 % of total log are
requests for image files and about 60 % have cookie
ID. Even after deleting image requests and non-search
requests within requests with cookie, data for our min-
ing experiments consists of 24,629,517 lines, about 17
GB in size.

These logs are divided into “sessions”; the sequence
of requests from a user. As we employed well-known

30 minutes threshold for the maximum interval [13],
two continuous requests within 30 minutes interval are
regarded as the same session. For clustering the users
sessions, we define user session vector 5. When total
category number is N, a session vector §; in the i-th
session is defined in formula 1 as N.-dimension vector.
Note that we do not take the hierarchy structure of
the categories into account.

~_ J 1 when category j is requested. (1)
51 0 when category j is not requested.

3.2 Clustering by Enhanced K-means

We use the well known K-means algorithm for cluster-
ing. However since we can not predict the number of
clusters in advance, we improve the algorithm so that
it can dynamically decide the number of clusters to
be generated. Instead of setting the initial number of
clusters K, we define a similarity threshold. Here we
describe the algorithm in detail.

When the number of sessions as the input is N, and
input vectors s7 ... Sp.

e Initially, the first input vector §; becomes the cen-
troid vector ¢i of the first cluster C; and S; be-
comes the member of the cluster C.

e Then for each successive input vector §;, the simi-
larity with existing clusters C ... C} is calculated
with formula 2. If the similarity with any clus-
ter is below the similarity threshold T'Hg;),, new
cluster is generated and the input vector becomes
the centroid cluster of the new cluster. Other-
wise when the similarity for some existing clusters
is higher than the similarity threshold, the input
vector becomes a member of the cluster with the
highest similarity. Centroid vector is used when
calculating the similarity and it is incrementally
recalculated with formula 3 when new members
are introduced to the cluster.

e The process is iteratively executed until it con-
verges.

o Ay
illCj

- ZSiECj S_;

G = A, (3)

where M; is number of members of the cluster C}.

3.3 Results of Log Clustering

We only use user sessions whose more than two differ-
ent categories as input. The number of sessions with



Table 1: The distribution of cluster size

Number of Sessions | Number of Clusters
57, 1000) 667
1000 , 2000) 106
2000 , 3000) 34
3000 , 4000) 8
5000 , ) 11

this criterion is 564,355. Some of the generated clus-
ters contains only very few members (sessions). Since
those small clusters are insignificant for the result anal-
ysis, clusters whose number of members is smaller than
minimum cluster size M IN.;; are not counted. In this
experiments we set this value to 0.01 % of the num-
ber of sessions (M IN.; = 56.4), so we ignore clusters
whose user sessions is less than 56. For the similarity
threshold T Hg;,, we use the value of 0.1. The num-
ber of generated clusters is 826, those clusters ranged
in size from as small cluster with 57 members to big
cluster with 21,029 members. The size distribution is
depicted in Table 1. The average size is 678.8 and the
median is 330.

Some clustering results that contain “Hotels” are
shown in Table 2. Please refer to the appendix for
some other examples. The clusters are shown with
the total number of sessions(members), the categories
chosen during those user sessions and the number of
sessions for each member category. Now we introduce
new threshold T'H.,; and only display categories whose
number of sessions are more than T H.,; of total ses-
sions for that cluster. For example, cluster 1 in Table 2
consists of 15318 sessions, among them 15318 sessions
input “Hotels” and 13654 sessions also input “Busi-
ness hotels”. Other categories are not shown since
they only have less than 1531 sessions (10 % of 15318)
since T H.q; is set to 10 % (0.10).

When we compare the results of clustering and the
category hierarchy used at iTOWNPAGE, many non-
sibling categories in the category hierarchy appear in
the clusters. Figure 5 gives an example, the left side
shows a part of category hierarchy while a part of clus-
tering results is shown at the right side. Notice cluster
1 at the bottom right is composed from “Hotels” and
“Business hotels”. Both are sibling categories, mem-
bers of “Accommodations” in iTOWNPAGE category
hierarchy. On the other hand, cluster 5 at the top
right also contains “Hotel bookings” that is a member
of “Travel service” in the category hierarchy, differs
from the rest of the cluster members such as “Hotels”,
Business hotels”, “Inns”, “Spa Inns” that are members
of “Accommodations”.

Some examples in Table 2 show that searches for
“Hotels” are often accompanied by far related non-
sibling categories such as “Wedding Halls”, “Rent-a-
car”, “Golf course”, “Rental Meeting Rooms” etc.

From the results, we can infer that the search ses-

sion with the same input such as “Hotels” are per-
formed on various demands and contexts. Some users
indeed look for place to stay, while some others look
for wedding halls, rent-a-car or meeting rooms. The
clustering of web access logs is effective to understand
the user behavior. The clustering also confirms that
many user sessions input search requests for different
categories in the hierarchy. Clusters that only com-
posed of sibling categories are merely 144 out of 826
(16.2 %), while clusters with non-sibling categories are
up to 692 (83.8 %).

The phenomenon that the searches stretch over the
category hierarchy is the indication of the heterogene-
ity of user requests or the defect in the site design.
If the categories are clearly similar, they can be re-
flected in next site redesigning. However when the
reason behind it is not so obvious, the redesigning will
only confuse the users. If we combine “Rent-a-car”
and “Hotels” into the same hierarchy, since cluster 7
at Table 2 whose top category is “Rent-a-car” with
1158 sessions and about 10 % of them (120 sessions)
also consists of “Hotels”, the users will have difficulties
to understand the categorization policy of the site.

Here we propose the expansion of the query re-
quested by users to improve the interface. We will
give the detail in the following section.

4 Query Expansion Using Web Log
Mining
4.1 Motivation

We have described that there are many requests end
with no result in section 2. To support these requests,
one solution is to recommend another address or to
expand requested location to broader area. When
we have coordinate information for addresses such as
longitude-latitude, location recommendation / expan-
sion is not a difficult task. However we do not have
such data, so we concentrate on recommending cat-
egories. If we want to support a user query whose
request has no result, we need an analysis on the simi-
larity between categories. We extract that information
by clustering the user access logs.

We also mentioned that there are many sessions
consist of non-sibling categories. These user varia-
tions can be another target for our approach. We pro-
pose another expansion method for recommending cat-
egories, not similar but having some relation to the in-
put category. For example, if “Hotels” is requested, we
recommend other categories of accommodations first,
then expand to non-sibling but related categories like
“Wedding Halls”, “Conference Rooms”, or “Rent-a-
car”.

4.2 Strategies for Query Expansion

As mentioned above, we propose a two-step query
expansion that recommends categories from user re-



Table 2: Result examples

Cluster Size Category # of | | # Cluster Size Category # of
(# of Members) Input (# of Members) Input
15318 Hotels 15318|| 6 1258 Wedding Halls 1258
Business Hotels 13654 Hotels 609
3293 Spa Inns 3293 Assembly Halls 303
Spas 1153 7 1158 Rent-a-car 1158
Hotels 1145 Hotels 120
Hot Spring Supply 5491 8 811 Golf Course 811
2847 Bed and Breakfast 2847 Hotels 155
Inns 24481 9 799 Ski Resort 799
Hotels 899 Hotels 126
Business Hotels 7001 (10 732 Rental Meeting Rooms 732
Spa Inns 295 Hotels 215
1805 Assembly Halls 1805 Community Halls 94
Rental Meeting Rooms 719 (11 346| Wedding Reception Presentation| 346
Hotels 331 Wedding Halls 300
Auditorium and Assembly Halls| 211 Assembly Halls 104
1628 Hotel Bookings 1628 Congratulatory Gifts 51
Hotels 1387 Hotels 42
Business Hotels 733
Inns 721
Spa Inns 193
Leisure Industries # | Cluster Category #of
Size Input
_l Travel Service | #of
Hotel Bookings | Members)
4] 5 5 | 1628 Hotel Bookings 1628
Tourist Information Center Q EOIEJE : 12387
Airline Tickets Business Hotels 733
Inns 721
—l Accommodations | e Spa Inns > 103
<£?D -------------- - —
SpaInng [
- Bed and Breakfast # Cluster Category f of
—— Public Lodgings . " | Size Tnput
— Pensi @of
<— Hotels > Meimbers)
— Motels 1 |15318 | Hotels 15318
<: gﬁ:?niztgztels Business Hotels | 13654
— Tube Hotels
Category Hierarchy Clustering Results

Figure 5: A part of Category Hierarchy and A Part of Clustering Results




quests clusters. The first step is to recommend the sib-
ling categories of the user input category (C AT nput)-
Here we define siblings as categories that are classi-
fied in the same sub-category with CATjppy: in the
iTOWNPAGE yellow-page directory. The second step
is to recommend non-sibling categories. We name the
first one “Intra-Category Recommendation”, the sec-
ond one “Inter Category Recommendation”.

Intra-Category Recommendation selects sibling
categories that appear in major clusters of
CATinput-

1. Find clusters that have C ATjppy: as a mem-
ber. Calculate the appearance ratio of
C AT} put to the size of each cluster. Then
sort, these clusters in the order of the appear-
ance ratio.

2. Choose a sibling category that has the most

count from each cluster until the number of
sibling categories reaches M A X ¢, (=10). If
the number of sibling categories is still less
than M AXg;, next sibling categories with
most count in each cluster are also displayed
until the number reaches M AX ;.
Note that we directly refer to the hierarchy
defined in the iTOWNPAGE yellow-page di-
rectory to decide whether a category is a sib-
ling or not.

3. Clusters whose size is larger than M 1IN
are used for this step. We used 56.4 as the
MIN,_; value which equals to 0.01

Ex) When “Hotel” is requested, sibling categories
such as “Business Hotel”, “Spa Inns”, “Bed and
Breakfast”, and “Inns”, are recommended

Inter-Category Recommendation selects  non-
sibling categories that appear in major clusters
of CATpput.

1. Choose the maximum non-sibling category
of CATjppy: from each clusters up to
MAX on—siw (=10) in the same way of
“Intra-Category” step.

2. Clusters whose size is larger than MIN.»
are used for this step. We used 564.4 as the
MIN,_;5 value which equals to 0.1 MIN;.

Ex) When “Hotels” is requested, non-sibling cat-
egories such as “Assembly Halls”, “Hotel Book-
ings”, “Wedding Halls”, and “Rent-a-car”, are
recommended.

5 Implementation and Evaluation

5.1 Implementation

We develope a query expansion prototype system us-
ing the method proposed in section 4. This system

Offline Online
Access Logs i-TOWNPAGE
. N Category
_PrePTOC_e_S_S_ || Hierarchy
r 3
|User Session Vectors | t s
]
g Clustering >
S -
>
Category Expansion ! E !
Clusters System
Client

Figure 6: Overview of System Architecture

accepts a category and an address just like original
yellow pages system does and displays search results
from iTOWNPAGE together with our recommenda-
tions. The architecture of the system is illustrated in
Figure 6. The system is composed of two modules,
online one and offline one. The offline module gen-
erates user session vectors first, then creates clusters
from these vectors. The online module receives the
queries from the users and delegates actual searches
to iITOWNPAGE. At the same time, it looks up and
displays related categories from the mined clusters to
expand the queries.

Search example is illustrated in Figure 7. The
left frame displays the expanded categories from our
method and the right one is for the query answers
from iTOWNPAGE. In the left frame, Intra-Category
Recommendation results are displayed on the upper
part while results from Inter-Category Recommenda-
tion are displayed on the lower part.

5.2 Some Examples

Expanded categories displayed with the search results
are anchor strings that users can click. By clicking
these links, users can search iITOWNPAGE under the
category displayed as links, modify their unsuccessful
queries or go through another related search.
Examples of expansion are listed on Table 3. In
this experiment, we set the threshold value M I N> for
Inter-Category Recommendation to 564.4. The value
564.4 equals to 0.1 % of all sessions in this test and
clusters that have less than 564 sessions are not con-
sidered in this Inter-Category Recommendation. An-
other threshold T H,.,: is set to 0.10, only categories
requested in more than 10 % of sessions in a cluster
are employed for expansion. In the Table 3, categories
displayed from Intra-Category Recommendation and
Inter-Category Recommendation are shown. For ex-
ample, Intra-Category Recommendation of “Hotels”
are “Business Hotels”, “Inns”, etc. in other words
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sibling categories that share the same upper category
“Accommodations”. On the other hand, the results
show that Inter-Category Recommendation can pro-
vide non-sibling but related categories such as “Ho-
tel Bookings”, Wedding Halls”, “Rent-a-car”. These
categories could not be recommended using only the
category hierarchy in the yellow page services.

5.3 Evaluation

We used another log data from 1st July to 20th July
2000 to test our expansion method. Firstly, test data
is converted into sessions such as, “Category A — Cat-
egory B — Category C”. Then transition relations like
“Category A — Category B”, “Category B — Cate-
gory C” are extracted from the sessions. Our expan-
sion method is evaluated using these test transition
relations. If the right entry of the test relation ap-
peared in expanded categories when the left entry is
requested, we call this a successful expansion. When
the number of test relations is N, the number of suc-
cessful expansions after the expansion test is S, expan-
sion success rate is defined in equation below.

EzpansionSuccess ful Rate = S/N 4)

And when the number of expanded categories dis-
played for i-th test request is C;, average expanded
category number is defined in this way.

AverageExpandedCategory N umber = Z C;/N
(5)

0.48

=
o
=)

—— Expanzion Success 41
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Figure 8: Expansion Success Rate

We obtained 318,899 test relations (N=318,899).
For these test data, “Expansion Success Rate” and
“Average Number of Expanded Categories” are calcu-
lated for various cluster thresholds (T'H..t). From the
result (Figure 8), our expansion works for more than
40 % of requests. These expansions support users to
find categories that they really want to search, or they
may have interests in. And this will reduce users bur-
den so that users may not have to browse category
hierarchy again to find the suitable category. Users
submit search requests 4.21 times during a search ses-
sion in average. Proposed expansion is expected to
reduce some unnecessary accesses.

Our expansion also works well for the searches with
no result, since it displays alternatives to the origi-
nal request. An example is shown in Figure 9. In
this example, search on “Tube Hotels” in a city is re-
quested but no result is returned. Our Intra-Category
Recommendation displays alternatives such as, “Inns”
with 2 results, “Business Hotels” with 3 results, “Ho-
tels” with 10 results. In addition, Inter-category Rec-
ommendation gives the user “Sauna” with 4 results,
“Bathhouse” with 1 result and “Hotel Bookings” with
2 results.

To evaluate the effect of the expansion for requests
with no result, we extracted no-result requests from
the test data, tested these requests in our prototype,
and calculated the potential number of results brought
by recommended categories from our query expansion.
In Figure 10, The potential number of results are eval-
uated for various thresholds T'H.,:- From the graph
(Figure 10), more than 2.5 results can be provided to
users that have received no result with their initial
queries.

6 Conclusion

This paper reported the experimental results of mining
access log from a huge commercial site of Japanese
yellow pages, iITOWNPAGE, and proposed a method
of query expansion based on user requests clusters.
From the statistical analysis, many users request



Table 3: Examples of Expansion

Input Category

Intra-Category Recommendation

Inter-Category Recommendation

~[3

Business Hotels
Inns
Love Hotels
Public Lodgings
Pension
Spa Inns
Bed and Breakfast
Simple Hotels
Motels
Rest Centers

Hotels

Hotel Bookings
Accommodations
Wedding Halls
Rental Meeting Rooms
Golf Course
Assembly Halls
Ski Resort
Rent-a-car
Spas
Community Halls

Flower Design Class
Tennis Class
Ceramic Art Class
Sports Class
Painting Class
Cooking Class
Golf Class
Handicraft Class
Dancing Class
Knitting Class
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Sports Clubs
Pools
Sports Facilities

axpansion SRR
wEEM:
ek WHEEBENE

Intra-Category

Recommendation 3
- “Inns” :2results ~  =s mEEE
- “Business Hotels”
:3results
- “L.ove Hotels™ - T
: 1 result
[ as A SBEERE: 2 f
- “Hotels” : 10 results -~ & -,
r DESERICOYE T,
- “Bed and Breakfast” - e
[T TRETO S o
2 results e
.43
Inter-Category Al
Recommendation T ST,
- “Sauna” : 4 results - @

4 O> SR
DEEEERICTIUES,

- “Bathhouse™ : 1 result..

- “Hotel Bookings™
: 2 results -

MR 1

Eii RSB
DERERICEUE S

- CATEGORY: “Tube Hotels™

i . ADDRESS:

“Kami-osaki,
Shinagawa-ku, Tokyo™

RIHE B AT ERAME o-IMD nATE

Pl
AR e
awenom
ie -

=i e
=1
Sk
x. BB
DR L T

I cosiioe
a2
xa:Zraza
wRaE | A

=

W

=
bt = 2N
i)
bt =l
2 anckan
Thzmceus s,
.
TR EST
=4
AR
xa: zormm
bty
x
B2
=8 253
it
S
RGN T

Eare | SEEL =
L)

CERET | i

“No Result”

“Will you broaden search area?”

Figure 9: A Case of No Result
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Figure 10: Effectiveness of Expansion against No Re-
sult Searches

non-sibling categories together within a session, or fail
the searches with no result. To cope with these prob-
lems, we proposed a query expansion method based
on clustering of user requests. We enhanced K-means
clustering algorithm for this puspose so it can dynam-
ically decide the number of clusters. Our expansion
method has two-step expansion, enables recommenda-
tion for similar categories to the user requests, and
recommendation for related categories although they
are non-similar in category hierarchy.

We implemented the system of our proposed ex-
pansion method and evaluated it. From the results,
our expansion works for more than 40 % of requests.
These expansions support users to find categories that
they could not find or took too much time to find, and
also help users find unexpectedly interesting related
categories.
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Appendix
1. Some Results of Clusters (Table 4)
2. Some Examples of Expansion (Table 5)



Table 4: Some Results of Clusters

# Cluster Size Category Number of | | # Cluster Size Category Number of
(# of Members) Input (# of Members) Input

12 15192 | Catering Establishment 1519219 2400 |Convenience Store 2400
Restaurant 2320 Super Market 1046

13 3522 Beauty Salon 3522|120 2154 | Building Industry 2154
Barbers 1528 Property Deal 250

Heir Designer 415|121 2131 Sports Club 2131

14 2158 General Hospital 2158 Sports Facilities 1530
Internal Medicine 254 Pool 502

15 2965 Department Store 2965 (22 1713 Drug Shop 1713
Super Market 1152 Dental Surgery 208

16 2675 Toyshop 2675 Doctor’s Office 186
Game Softs 375 (23 1355 Temple 1338

17 2604 Bank 2604 Shrine 396
Post Office 297 Funeral Industry 238

18 2410 Chinese Noodle 2410| (24 1610| Tourist Industry 1610
Chinese Restaurant 1048 Ajirline Ticket 367

Table 5: Some Examples of Expansion

#| Input Category Intra-Category Recommendation |Inter-Category Recommendation
3| Tourist Industry Airline Tickets Sight-seeing Bus
Tourist Information Center Tourist Hotels
4 Aesthetic Salon Beauty Salon Massage
Nail Salon Chiropractic
Beauty Adviser Cosmetics
Barbers
Laundries
Spas
Bathhouses
5 Parks Amusement Parks Sports Facilities
6 Bus Sight-seeing Bus Railway Industries
Salon Bus Traffic Information Service
7 Parks Amusement Parks Sports Facilities
8 |Do-it-yourself Stores Hardware Stores Supermarkets
Cutting Tool Shops Carden Supply Shops
Daily Necessities Shops Discount Department Stores
Keys Flower Shops
Instruments for Gardening
Seed and Plant Suppliers
9 Car Parkings Car Parkings (Monthly Contract) Property Deal
10| Funeral Industry Pet Cemeteries Temple
Cemeteries Shrine




