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Recently, the Internet of things (IoT) became useful in various applications based on the web communication technology. The IoT
has great potential in several service domains including cultural, educational, or medical areas. We consider a recommendation
technique suitable for the IoT-based service. A personalized recommender system often relies on user preferences for better
suggestions. We notice that we need a different recommendation approach in the IoT platform. While the conventional
recommendation approaches rely on user preferences provided by users, these approaches may not be suitable for the IoT
environment. The conventional systems utilize user ratings for items to compose recommendation list. This implies that the systems
require additional user activities such as adding their preferences. We notice that the IoT environment can naturally provide user
information such as users’ item selection history without users’ additional actions. We propose a recommendation model that does
not require users’ additional actions and is more suitable for the IoT environment. We examine the usability of the bandwagon
effect to build a new recommender system based on users’ selection history. We first consider the bandwagon effects in movie
recommendation domain and show its usefulness for the IoT. We then suggest how to use the bandwagon effect in recommender

systems with IoT.

1. Introduction

Recently, many researchers studied the Internet of things
(IoT). The basic concept of the IoT is that various things
or objects are interconnected with each other and achieve
their common purpose [1]. Various types of things or objects
can be interconnected by utilizing wireless communication
technology such as radio frequency identification (RFID)
or near field communication (NFC) [2, 3]. For example, in
logistics domain, researchers examined reduction of logistics
by addressing purchasing of materials, transportation, and
storage using the IoT [4, 5]. People also considered efficient
methods that analyze personal information such as social or
historical activities on the web using smart devices in the IoT
[6].

We can utilize the IoT in several domains and the IoT
has great potential as a novel paradigm of modern wireless
telecommunications [2]. We, in particular, consider the IoT

in a recommender system on the web and propose a new
recommendation model for the IoT. In other words, we apply
the IoT concept to the recommender systems based on user
activities collected through the IoT.

With the development of the web, many people can use
lots of information. These Internet users can upload their
data and download wanted information using web platform;
YouTube is a good example. In addition, users make use
of web services such as Google and Yahoo! to search for
images, songs, or video content available on the web. The web
has, thus, become a platform to upload and share content
where lots of data are available. However, the huge amount
of data is often an obstacle to finding relevant information
because there are also a lot of spam data and erroneous
information that is simultaneously present. For this problem
and efficiency of searching data, several researchers have
suggested recommender systems as a solution [7-10].
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FIGURE 1: Flow chart of this paper.

The recommender systems often rely on the collabora-
tive filtering (CF) approach [11-13], which is a collective
intelligence technique. In general, a CF approach employs
user information such as ratings, locations, or preferences
to filter results. For example, assume that user A wants a
certain recommendation. The conventional way of CF is to
first select neighbors. The neighbors are a group of users with
similar preferences to user A [14, 15]. The next step is to select
items based on the preferences of neighbors and suggest the
selected items to A.

The recommender systems based on CF need an addi-
tional operation that analyzes the user preferences since the
systems predict and recommend items to users by addressing
users’ actions such as ratings or commenting for items.
This implies that the conventional CF approaches for the
recommender systems may not be appropriate for the IoT
which provide users’ selection histories for items since the
approaches utilize users’ other activities such as the ratings
for items. Because of this reason, we show existence of the
bandwagon effects that affect a choice of an item to other
users’ choices to build the recommender systems that are
appropriate for the IoT. If the bandwagon effects exist in
Internet contents, the effects can lead to recommend contents
using only users’ selection history. There exist the recommen-
dation techniques utilizing the IoT [16, 17]. These techniques
employ context-aware systems. We show the existence of
the bandwagon effects to propose a novel recommendation
technique that does not employ context-aware systems for the
IoT.

Figure 1 shows the flow chart of this paper. We analyze
the problems in CF approaches and design recommendation
models using the bandwagon effect to propose more suitable
models on the IoT environment. Then, we validate our
models using statistical experiments. Finally, we identify and
provide suitable recommendation model for the IoT.

We first revisit the conventional recommendation
approaches and the studies on the bandwagon effects on the
web services in Section 2. Then, we propose our approach
that verifies the bandwagon effects on the movie domain in
Section 3. In Section 4, we show the test results and analysis
for our approach. Finally, we conclude this paper with future
work in Section 5.
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FIGURE 2: The Pearson correlation coefficient calculation.

2. Related Work

2.1. Collaborative Filtering Approach. A collaborative filtering
(CF) approach based on user preferences consists of the
following three steps: (1) calculate similarities between users
using user preferences, (2) choose neighbors of user A who
seeks recommendations (neighbors are a group of users who
have similar preferences to user A), and (3) estimate the
preference for a specific item based on the neighbors ratings.

2.1.1. Calculating Similarities. In the literature, we often
calculate the user similarity using the Pearson correlation
coefficient in (1) or the Cosine similarity in (2) [12, 13, 15].
Consider
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where X is the user who needs recommendations, X is the
average rating of X, X; is the rating for the ith item by user
X, R, (i) is the average rating of content i by user S, and Y
represents the other users. Consider
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where A and B are rating vectors. Thus, (2) calculates the
cosine of the angle between two vectors [15].

Figure 2 shows an example of the first step for calculating
the Pearson correlation coefficient. Since the Pearson cor-
relation coeflicient between U, and U, is —1 and the value
between U, and U, is 0.94, we know that U, has similar
preferences to U,.

2.1.2. Selecting Neighbors. We can choose neighbors using
results of (1). We first fix a certain correlation coefficient value
(close to 1) as a threshold and select users whose correlation
coeflicient to U, is greater than the threshold as neighbors.
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2.1.3. Predicting Preferences. Once we have all neighbors, we
then predict preferences based on the ratings of neighbors
using

P= X + zYeraters (Yn - ?) pxy
Py

, (3)

ZYG raters

where X is the average rating of user X and Y, is the rating
by the other users for the nth item. Y is the average rating
by the neighbors of X of the current item. Finally, p,, is the
Pearson correlation coeflicient between X and the other users
Y. The raters are a set of users who input ratings for the item
of interest. The return value P in (3) is the predicted value of
an item for user X.

2.1.4. Applications of CF Approaches. The CF is commonly
applied in industries. Amazon (http://www.amazon.com)
recommends items to users using the item based CF [18].
Google News (http://www.news.google.com) also provides
personalized recommendations through CF [19]. Netflix
(http://www.netflix.com) has supported various recommen-
dation studies including CF by Netflix Prize (http://www
.netflixprize.com).

2.2. Content-Based Filtering Approach. The content-based
filtering is to recommend an item that is similar to the items
described in the user preference. This approach relies on both
the user preference and item properties [20, 21]. In other
words, the content-based filtering tries to recommend items
that have similar properties and the user liked in the past.
This technique computes the similarity between items by the
Euclid distance, the cosine value, or the Jaccard coefficient
[22-24]. Since the content-based filtering analyzes the item
properties, it often provides a better recommendation. How-
ever, depending on application domains, we may not be able
to measure the similarity between item properties [25].
Flickr (http://www.lickr.com)—a photo sharing site—
does not offer a recommendation service but contains a large
volume of photos. Flickr employs the photo tag for classifying
photos. Even though it does not actually recommend photos
to users, Sigurbjornsson and van Zwol [26] introduced the
recommendation of tags to a user based on the tag contents
in the past for Flickr. Their method allows users to add tags
to photos in an efficient way. Oord et al. [27] employed the
BOW (bag of words), a method for information retrieval, to
extract negative words and positive words which executes the
content-based filtering in consideration of implied meaning.

2.3. A Suitable Recommendation Approach for the IoT Par-
adigm. The conventional approaches including collabora-
tive or content-based filtering utilize user preferences for
predictions and recommendations. This implies that these
approaches always need users’ specific actions for the rec-
ommendation processes. In the IoT paradigm, we can easily
obtain users’ item selection history. Because of this reason, if
there is a recommender system that predicts user preferences
based on selection history, then we do not need to require

IoT
(Personal and social data)

—Oo—

Users’ selection history %

Users’ extra actions
(users’ preferences)

)

Calculating similarity
and prediction

Recommending items to
users

FIGURE 3: The recommendation processes based on the conventional
approaches.

user actions to recommend items. In other words, we can
figure out what users want from their selection history.

Figure 3 shows a recommendation processes in the IoT
paradigm based on the conventional approaches. The first
step in Figure 3 is to gather the personal data through the
IoT. We can gain the users’ selection history through the first
step for recommendation processes. The second step is to
gather the user preferences. In this step, the systems have to
require specific actions from each user. After these steps, the
systems calculate the similarities between users or items and
then select items to recommend.

We notice that the systems may provide a recommenda-
tion list without the second step in Figure 3 if we fully utilize
the IoT paradigm. In other words, the systems can make a
recommendation only using users’ selection history. We also
consider the bandwagon effects in recommendation based on
users’ selection history.

2.4. The Bandwagon Effects in Recommender Systems

2.4.1. Recommendation Approaches Utilizing the Bandwagon
Effects. 'The bandwagon effect is a phenomenon in which
fashionable information affects personal choices for an item
[28]; when most people want an item, a person also wants
the item as well. The rapid increase of the social network
usage shows one of the typical examples of the bandwagon
effect in the web service. When a social network service
becomes popular and its usage becomes larger and larger,
many other people also become interested in the service.
This interest leads other people to join the social network
service. We have observed several such examples in practice
including twitter or Facebook. We can find the bandwagon
effect in politic area [29] as well as clothes and IT products. In
particular, some online shopping malls and home shopping
services utilize the bandwagon effect for marketing. Shyam
Sundar et al. [30] show that users’ purchase intention and
attitudes for a product are influenced by other users’ reviews
and evaluations in online shopping malls. Their study shows
that a users purchase intention for a product increases when
other users are greatly interested in the product and the user
knows about this interest. Because of the bandwagon effect in
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TABLE 1: GroupLens movie database.

Dataset Attribute

Explanation

Movie dataset
User dataset
Rating dataset

MovielD, Title, and Genre
UserID, Gender, Age, Occupation, and Zip-code
UserID, MovielD, Rating, and Timestamp

There are a total 10,681 movies
There are a total of 69,898 users
There are a total of 10,000,054 ratings

online malls, the research insists that well-designed web sites
that reveal users’ opinions can improve purchase rate.

2.4.2. Advantages of the Bandwagon Effects for the IoT. We
expect that the bandwagon effects also exist in the online
contents such as music, movie, and UGC (user generated
content). We verify the existence of the bandwagon effects
in a movie recommendation domain. Often film distributors
promote their movies using the box office result. They expect
that when the box office result is large, it brings more people
to the movie; namely, there exists the bandwagon effect in
promoting movies by the film distributors.

If there is the bandwagon effect in movie domain, then
we can identify the trend items and the users who jumped
on the bandwagon. Moreover, we can cluster the users who
frequently select the trend items as a similar group. Then, we
can predict the users’ future selections based on the similar
group. This means that we can design recommender systems
without user preferences by utilizing the bandwagon effects.
The designed systems are suitable in IoT environment.

3. Our Approach

3.1. Database. We test our approach using GroupLens (http://
grouplens.org/dataset) movie database. Table 1 summarizes
the movie database. We mainly utilize rating dataset com-
posed of user ID, movie ID, and rating for our tests.

3.2. Identifying the Movies That Show the Bandwagon Effect.
We consider that the popular movies can exhibit the band-
wagon effects and classify the popular movies based on two
criteria: rating and the number of views. We then generate
the score that indicates the bandwagon effects by ratings and
the number of views. We classify two sets for the movies with
high ratings and views. Then, we characterize these two sets
and propose a more suitable set for analyzing the bandwagon
effects in movie domain.

We divide all users (69,898 users) by ten groups. In ten
groups, one group is probe one and other nine groups are
training one. We compare the popular movies that appear in
two groups. Each group is selected once as probe set and other
groups excluding the probe set become training set. Figure 4
illustrates this step.

In Figure 4, there are total 10 groups (from G, to G,). If
G, is selected as a probe set, the remaining groups,G,-G,,
become a training set. If we confirm that the popular movies
extracted from the training set are also selected as popular

Probe set Training set

|G |a|la|la|e|a|6]|a]|a

{
Y
G

FIGURE 4: The example of training set and probe set.

movies in the probe set, then we can say that the movies show
the bandwagon effect:

trendMovie
(4)
= {m; | avg (m;) > p + o, m; € movieList (G — G;)}.

Equation (4) shows definition of the set of popular movies
trendMovies. In (4), movieList(G — G) is the movie list of
the users in training set and ; is a movie in this movie list.
avg(my;) is average score, which is average rating or average
view of the movie m;. y and o are average score and the
standard deviation of all movies, respectively. p + o indicates
the criterion of the popular movies. Namely, if a score of a
movie is more than the criterion, then we say that the movie
is popular.

Equation (5) indicates definition of the set of the movies
which shows the bandwagon effect:

bandwagonM = trendMovie N M,
M = {m; | avg (m;) (5)
> p+ 0, m; € movieList (G — G;)} .

In (5), M, is a movie set that is composed of popular
movies to the users who are in the probe set (viz, kth group
G;). We also consider the movies that have more than mu
+ sigma as popular movies. We demonstrate that the movies
preferred by many users are also preferred by others, thereby
comparing the similarities of the movies between M, and
trendMovie.

4. Test and Analysis

We compare other two sets for the verification of the com-
parison between M, and trendMovie as control experiments.
The first set has the movies with less than average scores in
the training set as elements. The second set is composed of
the randomly selected movies in training set. We compare the
movies in two types of sets to the popular movies extracted
from the probe set. We use the 10-fold cross-validation for
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TABLE 2: The results of (5) based on movie ratings.

Set Training Probe Common
set movies set movies movies

G, 2244 605 290
G, 2444 597 254
G, 2141 613 298
G, 2659 596 255
G, 2360 613 283
Gs 2122 601 252
G 1816 603 268
G, 2279 610 299
Gy 2217 320 269
Gy 1989 621 250
Avg. 22271 577.9 271.8

TABLE 3: The results of (5) based on the number of views.

Set Training Probe Common
set movies set movies movies

G, 720 605 667
G, 673 597 633
G, 744 613 679
G, 740 596 678
G, 746 613 684
G, 777 601 692
G 743 603 668
G, 721 610 676
Gy 757 320 674
G, 768 621 684
Avg. 738.9 735.5 673.5

our tests. Namely, each group is selected once as a probe set.
Tables 2 and 3 show the results of (5) based on movie ratings
and the number of views, respectively.

In each table, “Training set movies” and “Probe set
movies” denote the number of popular movies extracted from
the training set and the probe set, respectively. “Common
movies” means the results of (5).

Table 2 shows the results of (5) based on the ratings. Note
that the probe set (the training set) has about 47% (12%)
common movies based on (5). Similarly, Table 3 shows the
results of (5) based on the number of views. The probe set
(the training set) has about 91.5% (91.1%) common movies.

As the frequency for the intersection of the popular
movies between two sets increased, we can classify the movies
that show the bandwagon effect more clearly. Thus, we check
existence and frequency of these movies. We define the
preference frequency as how many times a movie appears
in each set. For example, if movie A appears in sets G, and
G,, then the preference frequency is 2. Thus, the maximum
preference frequency is 10. We find correlations between the
popular movies extracted from the probe set and the training
set through control experiments. Tables 4 and 5 show the
comparison results according to each criterion.

We can observe that the popular movies extracted from
the training set are almost the same as the popular movies
from the probe set, by comparing between preference fre-
quencies of the probe set and the others. In each table,
there are no movies that have more than seven preference
frequencies in the comparison between the other two movie
lists, a list of movies with less than the average scores and the
list of randomly selected movies. The maximum frequency
in these two lists is four based on ratings. When criterion is
the number of views, the preference frequencies for the list
of movies have less than the average scores and the lists of
randomly selected movies are zero and five, respectively. We
can confirm that all frequencies which appeared in these two
lists according to two criteria are low value.

In summary, we verify that the popular movies extracted
from lots of users, the training set, are similar to the popular
movies in the probe set. We also find that the number of views
is more suitable to identify the popular movies than ratings.

5. Conclusions and Future Work

We have shown the bandwagon effect in movie domain using
the GroupLens database. People tend to choose movies that
have been watched by many other people. We have also
observed that the number of views is a better metric than
rating for defining popular movies. We have checked that the
popular movies extracted from lots of users are similar to the
popular movies from a small size of user group through our
test result. We have found that the number of views is a more
suitable factor to identify the popular movies than ratings
since our test results have shown that, for the common movie
frequency, the number of views has 91.1% and 91.5% while
the ratings have 12% and 45% in the training and the probe
set, respectively. Because of this reason, we can conclude
that our approach makes a recommendation list from user
selection history based on the bandwagon effect. This has
motivated us to model a recommender system suitable for
the IoT environment, where various types of information are
provided by IoT devices such as mobile phones or sensors.

In near future, we aim to apply our approach to other
datasets to verify the bandwagon effect. The GroupLens
database contains movies in 90s or before the 90s. Since
nowadays people are able to get others’ opinions easily by the
web or SNS, we think that the effect will appear more clearly
in recent movies. Furthermore, to enhance the commercial
applicability, our approach will be potentially exploring the
relationships between e-marketing services adoption and
e-marketing performance. Enterprises could then derive a
better understanding and measurement of marketing activ-
ities that appropriately balance between traditional and e-
marketing practice.
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TABLE 4: The comparison results according to ratings.

Comparison group

Common popular movies

Preference frequency

10 9 8 7 Maximum
Popular movie list 551 120 27 28 24 10
Movies that have scores less than average 1276 0 0 0 0 4
Randomly selected movies 1189 0 0

TABLE 5: The comparison results according to the number of views.
. . Preference frequency

Comparison group Common popular movies

10 9 8 7 Maximum
Popular movie list 731 545 40 51 36 10
Movies that have scores less than average 0 0 0 0 0
Randomly selected movies 445 0 0 0 0 5
Acknowledgments [11] R. M. Bell and Y. Koren, “Lessons from the Netflix prize

The research work presented in this paper is partially
funded by the National Natural Science Foundation of China
(NSFC), Grant no. 71402143, and by the Basic Science
Research Program through the National Research Founda-
tion of Korea funded by MEST (2012R1A1A2044562).

References

[1] D. Giusto, A. Iera, G. Morabito, and L. Atzori, Eds., The Internet
of Things: 20th Tyrrhenian Workshop on Digital Communica-
tions, Springer, Berlin, Germany, 2010.

[2] L. Atzori, A. Iera, and G. Morabito, “The internet of things: a
survey, Computer Networks, vol. 54, no. 15, pp. 2787-2805, 2010.

[3] A. Gluhak, S. Krco, M. Nati, D. Pfisterer, N. Mitton, and
T. Razafindralambo, “A survey on facilities for experimental
internet of things research,” IEEE Communications Magazine,
vol. 49, no. 11, pp. 58-67, 2011.

[4] Y. Bendavid and H. Boeck, “Using RFID to improve hospital
supply chain management for high value and consignment
items,” Procedia Computer Science, vol. 5, pp. 849-856, 2011.

[5] Metro group future store initiative, http://www.futurestore
.org/.

[6] E. Welbourne, L. Battle, G. Cole et al., “Building the internet
of things using RFID: the RFID ecosystem experience;,” IEEE
Internet Computing, vol. 13, no. 3, pp. 48-55, 2009.

[7] S.-M. Choi, S.-K. Ko, and Y.-S. Han, “A movie recommendation

algorithm based on genre correlations,” Expert Systems with

Applications, vol. 39, no. 9, pp. 8079-8085, 2012.

Z. Huang, H. Chen, and D. D. Zeng, “Applying associative

retrieval techniques to alleviate the sparsity problem in collabo-

rative filtering,” ACM Transactions on Information Systems, vol.

22, no. 1, pp. 116-142, 2004.

[9] A. Popescul, L. H. Ungar, D. M. Pennock, and S. Lawrence,
“Probabilistic models for unified collaborative and content-
based recommendation in sparse-data environments,” in Pro-
ceedings of the 17th Conference in Uncertainty in Artificial
Intelligence, pp. 437-444, 2001.

[10] D. C. Wilson, B. Smyth, and D. O’Sullivan, “Sparsity reduc-
tion in collaborative recommendation: a case-based approach,’
International Journal of Pattern Recognition and Artificial Intel-
ligence, vol. 17, no. 5, pp. 863-884, 2003.

(8

challenge,” ACM SIGKDD Explorations Newsletter, vol. 9, no. 2,
pp. 75-79, 2007,

[12] D. Billsus and M. J. Pazzani, “Learning collaborative informa-
tion filters,” in Proceedings of the 15th International Conference
on Machine Learning, pp. 46-54, 1998.

[13] B. M. Sarwar, G. Karypis, J. A. Konstan, and J. Riedl, “Analysis of
recommendation algorithms for e-commerce,” in Proceedings of
the 2nd ACM Conference on Electronic Commerce, pp. 158-167,
Minneapolis, Minn, USA, October 2000.

[14] J. L. Herlocker, J. Konstan, A. Borchers, and J. Riedl, “An algo-
rithmic framework for performing collaborative filtering,” in
Proceedings of the 22nd Annual International ACM SIGIR Con-
ference on Research and Development in Information Retrieval
(SIGIR ’99), pp. 230-237, Berkeley, Calif, USA, August 1999.

[15] B. M. Sarwar, G. Karypis, J. A. Konstan, and J. Riedl, “Item-
based collaborative filtering recommendation algorithms,” in
Proceedings of the 10th International World Wide Web Confer-
ence, pp. 285-295, May 2001.

[16] N. Bessis, E. Xhafa, D. Varvarigou, R. Hill, and M. Li, Eds., Inter-
net of Things and Inter-Cooperative Computational Technologies
for Collective Intelligence, vol. 460 of Studies in Computational
Intelligence, Springer, 2013.

(17] M. Mufioz-Organero, G. A. Ramiez-Gonzalez, P. J. Mufoz-
Merino, and C. Delgado Kloos, “A collaborative recommender
system based on space-time similarities,” IEEE Pervasive Com-
puting, vol. 9, no. 3, pp. 81-87, 2010.

[18] G. Linden, B. Smith, and J. York, “Amazon.com recommen-
dations: item-to-item collaborative filtering,” IEEE Internet
Computing, vol. 7, no. 1, pp. 76-80, 2003.

[19] A. S. Das, M. Datar, A. Garg, and S. Rajaram, “Google news
personalization: scalable online collaborative filtering,” in Pro-
ceedings of the 16th International World Wide Web Conference
(WWW?07), pp. 271-280, May 2007,

[20] I. Cantador, A. Bellogin, and P. Castells, “A multilayer ontology-
based hybrid recommendation model,” AI Communications,
vol. 21, no. 2-3, pp. 203-210, 2008.

[21] S.-M. Choi and Y.-S. Han, “Representative reviewers for Inter-
net social media,” Expert Systems with Applications, vol. 40, no.
4, pp. 1274-1282, 2013.

[22] Z. Cheng, ]. Caverlee, and K. Lee, “You are where you tweet:
a content-based approach to geo-locating Twitter users,” in



International Journal of Distributed Sensor Networks

(23]

[24]

(25]

[26]

(27]

(30]

Proceedings of the 19th ACM International Conference on Infor-
mation and Knowledge Management and Co-located Workshops
(CIKM ’10), pp. 759-768, October 2010.

Y.-S. Han, L. Kim, and J.-W. Cha, “Computing user reputation
in a social network of web 2.0,” Computing and Informatics, vol.
31, no. 2, pp. 447-462, 2012.

L. Kim, L. Wiyartanti, H. Cho, Y.-S. Han, and J.-W. Cha, “Rank-
ing parameters based on social network for user-generated
video contents,” Information, vol. 13, no. 5, pp. 1667-1678, 2010.

M. J. Pazzani and D. Billsus, “Content-based recommendation
systems,” in The Adaptive Web: Methods and Strategies of Web
Personalization, vol. 4321 of Lecture Notes in Computer Science,
pp. 325-341, Springer, Berlin, Germany, 2007.

B. Sigurbjornsson and R. van Zwol, “Flickr tag recommendation
based on collective knowledge,” in Proceedings of the 17th
International Conference on World Wide Web, pp. 327-336,2008.
A. V. D. Oord, S. Dieleman, and B. Schrauwen, “Deep content-
based music recommendation,” in Proceeding of the 27th Annual
Conference on Neural Information Processing Systems, pp. 2643—
2651, 2013.

D. Long, N. Fox, and T. York, Calculated Futures: Theology,
Ethics, and Economics, Baylor University Press, 2007.

R. Nadeau, E. Cloutier, and J.-H. Guay, “New evidence about
the existence of a bandwagon effect in the opinion formation
process,” International Political Science Review, vol. 14, no. 2, pp.
203-213, 1993.

S. Shyam Sundar, A. Oeldorf-Hirsch, and Q. Xu, “The band-
wagon effect of collaborative filtering technology,” in Proceed-
ings of the 28th Annual CHI Conference on Human Factors in
Computing Systems, pp. 3453-3458, April 2008.



