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Abstract 

  Customers’ purchase behavior may vary over time. 
Traditional collaborative filtering (CF) methods 
make recommendations to a target customer based 
on the purchase behavior of customers whose 
preferences are similar to those of the target 
customer; however, the methods do not consider how 
the customers’ purchase behavior may vary over 
time. Although the sequential rule method considers 
the sequence of customers’ purchase behavior over 
time, it does not make use of the target customer’s 
purchase data for the current period. To resolve the 
above problems, this work proposes a novel hybrid 
recommendation method that combines the 
segmentation-based sequential rule method with the 
segmentation-based CF method. Experiment results 
show that the hybrid method outperforms traditional 
CF methods. 

Keywords: Collaborative Filtering, Customer 
Segmentation, Product Recommendation, Sequential 
Rule 

1. Introduction 

Recommender systems are a specific type of 
information filtering technology that allows a 
company to filter unnecessary information, and 
thereby proactively provide products for its 
customers based on their interests. Schafer et al. [16] 
presented a detailed taxonomy of recommender 
systems in E-commerce, and elucidated how they can 
be used to provide personalized service in order to 
establish and strengthen customer loyalty. A number 
of methods have been proposed for recommender 
systems, for example, collaborative filtering (CF), 
content-based filtering (CBF), and hybrid approaches. 
Collaborative filtering, the most frequently used 
method, predicts a target customer’s preferences 
based on the opinions of similar customers. A typical 
CF method employs the K-nearest neighbors (KNN) 
approach to derive Top-N recommendations. For 
example, the Siteseer system [13] uses a KNN-based 
CF method to provide Web page recommendations, 
while the GroupLens system [7] uses CF to 

recommend Usenet News and movies. However, a 
limitation of traditional CF methods is that they do 
not consider a customer’s purchase sequences, which 
identify the customer’s preferences over time. 
Although CF methods may use all the purchase data 
about customers’ preferences to make 
recommendations, they neglect the effect of the time 
factor. Alternatively, CF methods may use the 
purchase data during the latest period, T, to make 
recommendations, but they too neglect the target 
customer’s purchase history prior to period T. 

 To overcome the limitations of traditional CF 
methods, Cho et al. [4] proposed a sequential 
rule-based recommendation method that considers 
the evolution of customers’ purchase sequences. The 
method applies sequential rules to keep track of 
customers’ preferences during l periods, with T as the 
current (latest) period. A sequential rule is expressed 
in the form CT-l+1,…, CT-1 => CT, where CT represents 
the customers’ purchase behavior in period T. If a 
target customer’s purchase behavior prior to period T 
was similar to the conditional part of the rule, then it 
is predicted that his/her purchase behavior in period 
T will be CT. Accordingly, CT is used to recommend 
products to the target customer in T. Although the 
sequential rule method considers customers’ purchase 
sequences over time in order to improve the quality 
of recommendations, it does not make use of the 
target customer’s purchase data for period T. A target 
customer may have made purchases in period T 
already; hence, the purchase data could be used to 
make recommendations. Moreover, the method does 
not consider customer segmentations, which can help 
improve the quality of recommendations by making 
suggestions based on the preferences of different 
customer groups. 

To take advantage of the merits of typical CF and 
sequential rule-based recommendation methods, we 
propose a novel hybrid recommendation approach 
that combines the segmentation-based sequential rule 
(SSR) method with the segmentation-based KNN-CF 
(SKCF) method. The hybrid approach considers 
customer segmentation information, sequential rules 
over time, and the target customer’s purchase data for 
period T in order to improve the quality of product 
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recommendations. The SSR method ignores the 
target customer’s purchases in period T, while the 
SKCF method does not consider the purchase 
sequences of customers over time. Thus, we propose 
a hybrid method, a linear combination of SSR and 
SKCF methods, to resolve these problems, and 
predict which products the target customer will buy 
in period T. In other words, to enhance the quality of 
recommendations, the hybrid method considers 
customers’ purchase sequences over time and their 
purchase data for period T.  

We conducted experiments to evaluate the 
recommendation quality of the proposed hybrid 
method compared to that of the SSR, SKCF, and 
KNN-based CF methods. The experiment results 
demonstrate that the hybrid approach outperforms the 
other methods. 

The remainder of this paper is organized as 
follows. In Section 2, we review the literature on 
customer segmentation, RFM evaluation, clustering, 
and recommender systems. The proposed hybrid 
method is described in Section 3. Section 4 details 
our experiment evaluations. Then, in Section 5, we 
present our conclusions. 

2. Related Work 

2.1 Customer Segmentation 

Customer segmentation divides a market into 
discrete customer groups that share similar 
characteristics. Customer lifetime value (CLV) is 
typically used to identify profitable customers and to 
develop strategies to target customers [6][9]. RFM [2] 
values, which stand for Recency-Frequency- 
Monetary variables, are widely used to identify 
customers’ lifetime value. RFM values are defined as 
follows. (1) R (Recency): the period since the last 
purchase; a lower value corresponds to a higher 
probability that the customer will make repeat 
purchases. (2) F (Frequency): the number of 
purchases made within a certain period; a higher 
frequency indicates stronger loyalty. (3) M 
(Monetary): the amount of money spent during a 
certain period; a higher value indicates that the 
company should focus more on that customer. 
Customers are segmented into various target markets 
according to their RFM values.  

Clustering  

Clustering techniques, which are used to segment 
markets [3][12], try to maximize the variance among 
groups, while minimizing the variance within groups. 

Many clustering algorithms have been developed, for 
example, the K-means [10], SOM [5] [20], 
hierarchical, and fuzzy c-means algorithms. In this 
study, we use K-means and SOM to segment 
customers and their transactions. 

2.2 Recommender System 

Recommender systems have been applied in 
many application domains such as movies [14], 
books [11], music [17] and etc. 

2.2.1 Typical KNN-based Collaborative Filtering  

A typical KNN-based collaborative filtering (CF) 
method [14][15][17] employs the nearest-neighbor 
algorithm to recommend products to a target 
customer u based on the preferences of neighbor. 
Note that preferences are generally defined in terms 
of the customer’s purchase behavior; that is, 
purchased/non-purchased (binary choice) analysis of 
shopping basket data, or taste, namely, preference 
ratings (e.g.. 1 ~ 5 rating scale) for items. In this 
work, we focus on product recommendations based 
on binary choice analysis of shopping basket data.  

Customer preferences, i.e., customer purchase 
history, are represented as a customer-item matrix R 
in which rij is equal to 1 if the ith customer purchased 
the jth product; and zero otherwise. The similarity of 
customer preferences can be measured in various 
ways. A common method is to compute the Pearson 
correlation coefficient defined as follows:  
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where icr and 
jcr denote the average number 

of products purchased by customers ci and cj, 
respectively; I denotes the set of products; and rci,s 
and rcj,s indicate whether customers ci and cj 
purchased product item s.  

Customers are ranked by their similarity 
measures in relation to the target customer u, as 
determined the Pearson correlation coefficient. The k 
most similar (highest ranked) customers are selected 
as the k-nearest neighbors of customer u. Finally, the 
top-N recommended products are determined 
according to the preferences of the k-nearest 
neighbors of u. 

2.2.2 Sequential Rule-based Recommendation 

The sequential rule method [4], which considers 
the evolution of customers’ purchase sequences in 
order to improve the quality of traditional CF, 
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involves two phases: a model building phase and a 
recommendation phase. 

Model Building Phase 

This phase involves three steps: transaction 
clustering, identification of cluster sequences, and 
extraction of sequential cluster rules. The SOM 
technique is used to group transactions with similar 
patterns. The result of transaction clustering is a set 
of q transaction clusters, { }qCCCC ,,, 21 K= , where 
each jC is a subset of transactions. Each customer’s 
transactions over l periods are then transformed into 
a sequence of transaction clusters. Let iL be the 
behavior locus of customer i, which represents the 
sequence of clusters of customer i over l periods. It is 
defined as follows: Li =<Ci,T-l-1,…Ci,T-l, Ci,T>, 
i=1,2,…,m, where Ci,T-k ∈  C, k=1,2,…,l-1, l≧2.  

Finally, sequential purchase patterns are extracted 
by time-based association rule mining. Association 
rule mining [1][18] discovers the relationships 
between product items based on patterns of 
co-occurrence across customer transactions. The 
conditional part of the sequential rule is <rj,T-l+1,…, 
rj,T-1>, and the consequent part is rj,T. The form of a 
sequential rule jR is: 

( )jjTjTjlTjj ConfidenceSupportrrrR ,,,: ,1,1, ⇒−+− K  

.  ,   ,, CrandorCrwhere TjkTi ∈∈− φ  Here, Rj 
means that, if the locus of a customer 
is , 1 , 1, ,j T l j Tr r− + −K , then the customer’s behavior 
cluster in period T will be ,j Tr . 
Recommendation Phase 

The recommendation phase is comprised of two 
steps: cluster sequence matching and recommending 
Top-N products. The best-matching locus of a target 
customer is determined by comparing the behavior 
locus and the sequential rules derived from purchase 
sequences. The similarity measure is necessary to 
determine the degree of match between the behavior 
locus of a target customer and the conditional part of 
the sequential rule. Let 

, 1 , 1, ,C
i i T l i TL C C− + −= K  be 

the behavior locus of target customer i during l-1 
periods, and let 

, 1 , 1, ,C
j j T l j TR r r− + −= K  be the 

conditional part of sequential rule j. The similarity 
measure between C

iL and C
jR is defined as follows: 
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Next, the similarity measure is multiplied by the 
support and confidence of the rule to derive the 
fitness measure, which indicates the goodness-of-fit 
between the behavior locus of customer i and the 
sequential rule j. According to the maximum fitness 

measure, the transaction cluster of the target 
customer in period T is determined by the 
consequential part, ,j Tr , of the sequential rule j. 

Let *C denote the predicted transaction cluster of 
a target customer in period T in the previous step. 
Then, the top-N products, i.e., the products listed in 
the customer transactions of *C , are selected to 
generate a recommendation list for the target 
customer.  

3. Hybrid Method 

In this section, we describe the proposed hybrid 
method, which combines the segmentation-based 
sequential rule (SSR) method and the collaborative 
filtering (CF) method. Figure 1 shows the 
architecture of the proposed hybrid method. The 
sequential rule-based (SR) method [4] does not 
consider customer segments and the target 
customer’s purchase data in period T. To take 
advantage of the merits of the CF and SR methods, 
our hybrid method combines the SSR method with 
the segmentation-based KNN-CF (SKCF) approach 
to enhance the quality of recommendations. The SSR 
method improves the quality of sequential rule-based 
recommendations by making recommendations based 
on customer groups. The SKCF method is used to 
provide recommendations based on customer groups. 
The two methods are described in Sections 3.1 and 
3.2, respectively. 

SSR and SKCF are combined linearly with a 
weighted combination, as shown in Eq. 3. For linear 
combination, a parameterα is set as a weight to 
determine the relative importance of the two methods. 
The two methods use the frequency count of items 
purchased in a set of transactions or by a group of 
neighbors (customers with similar purchase behavior) 
to derive the prediction scores of items for 
recommendations. Let SSRr represent the normalized 
frequency count (i.e., the frequency count divided by 
the maximal value of the frequency count in the SSR 
method) of the product item r obtained by SSR. 
Similarly, SKCFr is the normalized frequency count 
of the product item r obtained by the SKCF method, 
while αand 1-α (ranging from 0 to 1) are the 
weights of CFr and SSRr respectively. Thus, HBr is 
the result of the linear combination of the two 
methods. It is used to predict which products 
customers will buy at time T. Product items with the 
top-N HB values are selected for recommendation.  

rrr SKCFSSRHB αα +−= )1(  (3)
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Figure 1. An overview of the proposed hybrid method 

3.1 Segmentation-based Sequential Rule 
Method 

Different from the sequential rule-based (SR) 
method [4], which does not consider customer 
segmentation, the proposed SSR method improves 
the recommendation quality of SR method by 
making recommendations based on customer groups. 
The method first creates a model of sequential rules, 
and then selects products for recommendation to 
target customers. 

Customer clustering 

K-means method is used to cluster customers into 
distinct groups based on their RFM values. Each 
group represents a specific market segment and the 
customers in a group have similar RFM values. The 
rationale behind customer segmentation is that if 
customers exhibited similar purchasing behavior or 
made similar purchases in previous periods, then they 
are very likely to have similar RFM values in the 
present period. Therefore, customers with similar 
RFM values are grouped into customer segments as 
the basis for model building and making 
recommendations.  
Transaction Clustering 

Transaction clustering divides transactions into 
groups (transaction clusters) based on similar product 
items and buying patterns. The rationale for using 
transaction clusters rather than product items to 
identify customers’ purchasing behavior is as follows. 
Customers’ frequent purchasing behavior can be 
represented as sequential rules of transaction clusters 
over l periods. The target customer’s purchasing 
behavior is identified by matching his transactions 
with the transaction clusters of the discovered 

sequential rules. After identifying the target 
customer’s transaction cluster at time T, product 
items in the target transaction cluster are the 
candidates for recommendation. The matching 
process compares the similarity between the target 
customer’s behavior and the sequential rule based on 
transaction clusters. If their transaction clusters are 
the same, the purchasing behavior is similar, even 
though the product items in the clusters may be 
different. Thus, transaction clustering provides a 
more flexible means of identifying similar purchase 
behavior and should therefore provide more accurate 
recommendations.  

A transaction, which records the products 
purchased by a customer, is transformed into a bit 
vector; and the vectors from the transaction records 
of all customers form a transaction matrix. The 
matrix is then used to derive transaction clusters. Let 
D be the set of all transactions made by m customers 
over l periods, as defined in Eq. 4. A transaction 
matrix is derived from the transaction set D. 

}1,1 ,on  transacti | { , TjlTmifDD f
ji ≤≤+−≤≤∀=

{ }   
   ,0

 item contains     ,1
     ,, 1,

⎩
⎨
⎧

==
otherwise

kfif
I I..,.., IID f,kf,nf,kf,

f
ji

 

(4)

where f
jiD ,  is defined as a transaction f made by 

customer i in period j, i.e., the product items 
customer i bought in that transaction. Note that 
customer i may make several transactions in period j.  
Each f

jiD ,  is transformed into a bit vector. kfI ,  is 
set to 1 if the transaction f contains the product item k; 
otherwise, it is set to 0. The SOM clustering 
technique [20] is used to cluster all transactions and 
assign each transaction to a cluster. The results of 
transaction clustering is a set of q clusters: 

{ }1 2, , , qC C C C= K . 
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Mining Customer Behavior  

Transactions made by customers over l periods 
are transformed into a set of transaction-clusters C, 
arranged according to the time period and the 
customer’s ID. In a given period, a customer’s 
transactions may belong to different transaction 
clusters. Thus, the transactions made by a customer i 
in period j are transformed into a set of transaction 
clusters. Let Ci,j be the set of transaction clusters of 
customer i for period j. Note that Ci,j is a subset of C 
and may be empty. In contrast to the SR method [4], 
which does not consider customer segmentation, we 
apply sequential rule mining to each customer 
segment. Let SG be the set of transaction clusters over 
l periods for customers belonging to a customer 
segment G, as shown in Eq. 5. 

SG ={Ci,j| for customer i∈ segment G and 
T-l+1≤ j≤ T} 

(5)

For each customer segment, the sequential rules 
for the customers’ transaction clusters over l periods 
can be discovered from the set SG by time-based 
association rule mining. A sequential rule Rx is an 
association rule with time order constraints, as 
defined in Eq. 6.  
Rx: rx,T-l+1,…, rx,T-1 => rx,T  (Supportx, confidencex) 

where rx,T-k∈C or φ and rx,T∈C; k=0 to l-1 

 
(6) 

   The conditional part of the sequential rule is 
<rx,T-l+1,…, rx,T-1>, and the consequent part is rx,T. 

Similarity Computing 

In the recommendation phase, the degree of 
match between a target customer’s buying behavior 
and a sequential rule is calculated by the similarity 
measure. The correspondent degree is used to predict 
the transaction cluster that the target customer may 
belong to in period T. 

Let Rx represent one of the sequential rules for 
customer-segment G that the target customer y 
belongs to, where Rx: rx,T-l+1,…, rx,T-1 => rx,T  
(Supportx, Confidencex). If the buying behavior of 
customer y prior to time T is similar to the 
conditional part of Rx, then the predicted behavior 
cluster for that customer in T is rx,T. Let Ly = 
<Cy,T-l+1,…, Cy,T-1> be the buying behavior of the 
target customer y before time T. Note that Cy,T is the 
set of transaction clusters of customer y in period T. 
RC

x= <rx,T-l+1,…, rx,T-1> is the conditional part of Rx. 
The degree of match between the buying behavior of 
customer y and sequential rule Rx is computed by Eq. 
7, in which x

ySM  denotes the similarity measure 
between Ly and RC

x .  
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   In the SR method [4], the number of transaction 
clusters of a customer in each period is limited to 1, 
i.e., .  , ,,, CCwhereCr kTykTykTx ∈= −−−

 We have 
generalized sequential rule mining to handle cases 
where a customer may have more than one 
transaction cluster in a certain period. That is, 

CC kTy ⊂−,
 and kTykTx Cr −− ∈ ,,  is used to derive the 

degree of match. 
The similarity measure of rule Rx is calculated 

according to the degree of match between Ly and RC
x, 

and the support and confidence of Rx. As there are 
several sequential rules in a customer segment, 
several similarity values can be obtained by 
comparing the target customer’s buying behavior 
with all the sequential rules for a customer segment. 
Based on the x

ySM value, the rule Rx with the highest 
similarity measure is selected. Then, the consequent 
part, rx,T, of Rx is selected as the predicted transaction 
cluster of the target customer y in period T. 

Recommendation 

In this step, the top N items in the predicted 
transaction clusters are recommended to the target 
customer in period T. From these clusters, we derive 
the frequency count of each product item, i.e., the 
number of transactions in the predicted transaction 
cluster that contain the product item. Then, the items 
with top N frequency counts are selected for 
recommendation to the target customer.   

3.2 Segmentation-based KNN-CF Method 

We use the segmentation-based KNN-CF method 
to make recommendations based on customer groups. 
For a target customer u in a specific customer group 
G, the transaction records of the customers (including 
u) in G for period T are used to derive the K-nearest 
neighbors of u. The Pearson correlation coefficient is 
used to measure the similarity between the target 
customer u and other customers in G. The k most 
similar (highest ranked) customers are selected as the 
k-nearest neighbors of u. Then, the top-N 
recommended products are selected according to the 
records of the k-nearest neighbors of u, as follows. 
The frequency count of products is calculated by 
scanning the purchase data of the k-nearest neighbors. 
The products are then sorted based on the frequency 
count. The N most frequent products not yet 
purchased by the target customer u (in period T) are 
selected as the top-N recommendations. 
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4. Experiment and Evaluation 

In this section, we describe the experiments 
conducted to evaluate the proposed hybrid method 
using real-world data. The dataset consists of 4,869 
transactions, 2,065 customers, and 201 cosmetic 
products from a department store W. Transactions 
from July 2003 to June 2005 are used to identify 
customers’ purchase behavior over time. The data is 
divided as follows: 80% for training and 20% for 
testing. The test set is selected from transactions in 
period T. 

The proposed hybrid method is compared with 
the SSR, SKCF and SR methods. Recall and 
precision measures are widely used in recommender 
systems to evaluate the quality of recommendations 
[8][15].  

Recall is the fraction of the product items of 
interest that can be located by a recommendation 
method, as defined in Eq. 8.  

items ginterestin ofNumber 
items drecommendecorrectly  ofNumber Recall = (8) 

Precision is the fraction of recommended product 
items (predicted to be interesting) that are considered 
interesting, as defined in Eq. 9. 

items drecommende ofNumber 
items drecommendecorrectly  ofNumber 

Precision =
 

(9) 

Items of interest to a customer u refer to products 
in the test set purchased by u. Correctly 
recommended items are items that match items of 
interest. The two measures are in conflict because 
increasing the size of the recommendation set 
improves the recall at the expense of a decrease in 
precision [15].  

Hence, the F1-metric [19] is used to balance the 
trade-off between precision and recall. The F1-metric 
assigns equal weight to both recall and precision and 
is used in our evaluation, as shown in Eq. 10. 

PrecsionRecall
Precision Recall2 F1

+
××

=   
(10)

4.1  Experiment Results 

We now describe the experiments conducted to 
evaluate the hybrid method, which combines the SSR 
method and the SKCF method, as shown in Eq. 3. 
The weights for SSR and SKCF are set at 0.3 and 0.7, 
respectively, based on the highest quality 
recommendation.  

The RFM patterns of each cluster are identified 
by assigning ↑ or ↓ according to whether the average 

R(F,M) value of a cluster is less than or greater than 
the overall average R(F,M). From the cluster’s RFM 
patterns, we can identify four customer segments, i.e., 
loyal (R↓F↑M↑), potential (R↑F↑M↑), uncertain 
(R↓F↓M↓), and valueless (R↑F↓M↓). Figure 2 shows 
the F1 values of the hybrid method for four customer 
segments. Overall, the recommendation quality of the 
hybrid method is better for the loyal customer 
segment than for other segments. The trend is 
Loyal>Potential>Uncertain>Valueless. 

Hybrid Method
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Figure 2. The F1 values of the hybrid method 
Figure 3 compares the four methods under 

different Top-N, and Figure 4 compares the methods 
according to their average F1 values. Clearly, the 
proposed hybrid method outperforms the other 
approaches. It considers customers’ purchase 
sequences as well as the transaction records of a 
target customer in period T. Thus, by combining the 
advantages of SSR and SCF, the hybrid method 
improves the quality of recommendations. 
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Figure 3. The F1 values of four methods 
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Figure 4. Comparison of the average F1 values of 

the four methods 
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5. Conclusions 

Traditional CF methods do not consider a 
customer’s purchase sequences, which identify the 
customers’ preferences over time. Although the 
sequential rule method considers the sequence of 
customers’ purchase behavior over time, it does not 
make use of the target customer’s purchase data for 
the current period. To enhance the quality of 
recommendations, this study proposes a hybrid 
method that considers customers’ purchase 
sequences over time and their purchase data for the 
current period. The proposed hybrid method 
combines the advantages of the SSR and SKCF 
methods. Experiments were conducted to compare 
and evaluate the performance of the SSR, SKCF, SR, 
and hybrid methods. The hybrid method achieves the 
best recommendation quality out of the four methods.  

Acknowledgement  
This research was supported in part by the National 
Science Council of the Taiwan under the grant NSC 
95-2221-E-009-233. 

References 

[1] Agrawal, R., and Srikant, R., “Fast algorithms for 
mining association rules”, Proceedings of the 20th 

international conference on very large data bases, 
1994, pp. 478-499. 

[2] Bult, J.R. and Wansbeek, T.J., “Optimal selection for 
direct mail”, Marketing Science, 14(4), 1995, pp. 
378–394. 

[3] Chen, M.S., Han, J., Yu, P.S., “Data mining: an 
overview from a database perspective”, IEEE 
Transactions on Knowledge and Data Engineering, 
8(6), 1996, pp.866-883. 

[4] Cho, Y.B., Cho, Y.H. and Kim, S.H., “Mining 
changes in customer buying nehavior for 
collaborative recommendations”, Expert Systems 
with Application 28, 2005, pp.359-369.  

[5] Flexer, A., “On the use of Self-Organizing Maps for 
clustering and visualization”, In Proceeding of the 
3rd International European Conference PKDD 99, 
Prague, and Czech Republic, 1999.   

[6] Irvin, S., “Using lifetime value analysis for selecting 
new customers”, Credit World, 82(3), 1994, 
pp.37-40. 

[7] Konstan, J. A., Miller, B. N.,Maltz, D., Herlocker, J. 
L.,Gordon, L. R., and Riedl, J., “GroupLens: 
Applying Collaborative Filtering to Usenet News”, 
Communications of the ACM, 40(3), 1997, pp. 

77–87. 
[8] Lin, C., Alvarez, S., and Ruiz, C., “Collaborative 

recommendation via adaptive association rule 
mining”, Proceedings of the International Workshop 
on Web Mining for E-Commerce (WEBKDD2000), 
2000. 

[9] Liu, D. R., & Shih, Y. Y., “Integrating AHP and data 
mining for product recommendation based on 
customer lifetime value”, Information and 
Management, 42(3), 2005, pp.387-400. 

[10] MacQueen, J. B., “Some Methods for classification 
and Analysis of Multivariate Observations”, 
Proceedings of 5-th Berkeley Symposium on 
Mathematical Statistics and Probability, Berkeley, 
University of California Press, 1, 1967, pp. 281-297.  

[11] Mooney, R., and Roy L., “Content-Based Book 
Recommending Using Learning for Text 
Categorization”, Proceedings of the Fifth ACM 
Conference on Digital Libraries, 2000, pp. 195-204. 

[12] Punj, G.N., and Stewart, D.W., “Cluster analysis in 
marketing research: review and suggestions for 
application”, Journal of Marketing Research 20, 
1983, pp.134-148. 

[13] Rucker, J., and Polanco, M.J., “Personalized 
navigation for the Web”, Communications of the 
ACM, 40(3), 1997, pp. 73-75. 

[14] Resnick, P., Iacovou, N., Suchak, M., Bergstrom, P., 
Riedl, J., “GroupLens: an open architecture for 
collaborative filtering of Netnews”, Proceedings of 
the CSCW conference, 1994, pp. 175-186. 

[15] Sarwar, B., Karypis, G., Konstan, J., Riedl, J., 
“Analysis of recommendation algorithms for 
e-commerce”, Proceedings of the ACM conference 
(Electronic Commerce), 2000, pp. 158-167.  

[16] Schafer, J.B., Konstan, J.A., Riedl, J., “E-commerce 
recommendation applications”, Journal of Data 
Mining and Knowledge Discovery 5(1/2), 2001, 
pp.115-152. 

[17] Shardanand, U., and Maes, P., “Social information 
filtering: algorithms for automating ‘world of 
mouth’”, Proceedings of the ACM (CHI'95), 1995, pp. 
210-217. 

[18] Srikant, R. and Agrawal, R., “Mining generalized 
association rules”, Proceedings of the 21th 
international conference on very large data bases, 
1995, pp.407-419. 

[19] Van Rijsbergen, C. J., Information retrieval, 2nd ed., 
London: Butterworths, 1979. 

[20] Vesanto, J., Alhoniemi, E., “Clustering of 
self-organizing map”, IEEE Transactions on Neural 
Networks 11, 2000, pp.586-600.  

 

The 9th IEEE International Conference on E-Commerce
Technology and The 4th IEEE International Conference
on Enterprise Computing, E-Commerce and E-Services(CEC-EEE 2007)
0-7695-2913-5/07 $25.00  © 2007



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


