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ABSTRACT
Social bookmark service is a web-based service which enables its users to manage and share their bookmarks on
Web pages. Many bookmarks are aggregated and shared
on social bookmarks, so they become useful news sources
now. In this paper, we propose a trend prediction method
of newly-posted pages, using time sequential data of users
and “tags” annotated to bookmarks.

Categories and Subject Descriptors
H.3.3 [Information Systems]: Information Search and Retrieval

General Terms
Algorithms, Experimentation
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1. INTRODUCTION
In the past few years, social bookmark services such as
del.icio.us [1] and Hatena Bookmark [3] have been becoming popular. Those services enable users to annotate and
save their bookmarks and share them with others on the
Web. Users can ﬁnd useful information by looking through
aggregated and shared bookmarks which had been hidden
in users’ local web browsers.
Bookmarks are categorized by tags in social bookmark
services. Tags are short keywords which users can add to
their bookmarks without depending on a controlled vocabulary. In contrast to services like web directories, which
the provider classiﬁes its contents based on a predeﬁned
taxonomic structure, tag-based categorizing systems have
been recently termed folksonomy, short for “folk taxonomy.”
Those systems are now supported not only in social bookmark services but also in weblogs, photo-sharing sites like
Flickr [2], video-sharing sites like YouTube [4], and many
other user-generated media sites.
Major search engines measure importance of web pages
based on hyperlink analysis algorithm such as PageRank
[10]. However, link analysis costs expensively and it is not
suitable to evaluate new pages because new pages need certain period before they obtain in-links. On the other hand,
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social bookmark services basically rank shared pages by the
number of users who have bookmarked the page. For example, most social bookmarking sites have a popular list or a
hot list on the front page, which display shared pages bookmarked or just being bookmarked by many users recently.
Viewing those list, users can easily get a sense of pages which
are catching attention of other users
We believe that there are more useful information for
ranking in social bookmark services. For example, in the
current systems, any user is counted as one user even if s/he
usually bookmarks useful pages or s/he is a spammer. However, we will be able to rank the page bookmarked by the
former users highly if we take their activities of bookmark
into account. As well as tags, we can catch trend topics or
interests of users from them.
In this paper, we propose a new trend prediction method
in social bookmark services. Our method targets the pages
newly shared in the social bookmark, predicts how much
attention will be attracted to those pages, and ranks them
based on it. We use time series information of bookmarks
to evaluate users and tags, and to predict new pages which
would collect many markups.
This paper is organized as follows. Section 2 reviews related works on social bookmarks. Section 3 proposes the
trend prediction method. Section 4 reports the experimental results. Section 5 draws the conclusion and work to be
done.

2.

RELATED WORKS

Recently, much research on social bookmark has been
done [5, 6, 13, 12, 7, 8], especially on bookmark recommendation [13, 9, 11]. Our goal is to evaluate and rank the
pages, rather than to recommend them.
Some research on ranking algorithm related to social bookmarks has been carried out. Hotho [7, 8] proposed the
ranking algorithm in social bookmarks, which is inspired
by PageRank. Yanbe et al.[14, 15] proposed hybrid ranking
algorithm based on PageRank and social bookmarks for improving the precision of web search. These algorithms focus
on all the pages shared in a social bookmark or all the pages
on the Web; however, we focus on newly bookmarked pages.

3.
3.1

TREND PREDICTION OF WEB PAGES
Modeling bookmarks

Figure 1 shows transition of bookmarks on a certain page
shared in Hatena Bookmark, aggregated in every six hours
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Figure 1: Transition of bookmark.

Figure 2: Transition of bookmark (idealized).

during one week from the time the page was shared for the
ﬁrst time. The dashed line indicates the number of users
who have bookmarked the page in each time interval, and
the chain line indicates the diﬀerence of them between two
consecutive intervals. Those two lines can be regarded as
velocity and acceleration of increase of bookmark, respectively. Also, the solid line shows the cumulative number of
bookmarks until each interval. The ﬁgure shows that the velocity reached its peak within a day or two from the time the
page was shared for the ﬁrst time, and decreased gradually
afterward. Pointed by Biddulph [5] and Golder et al.[6], this
pattern is also observed in del.icio.us. In addition, the acceleration took a large local maximum value and minimum
value at the time which the velocity reached the beginning
of the peak and the ending of it. The cumulative number of
bookmarks bursts in this period. Our basic idea is to treat
the users who bookmarked the page before the acceleration
took a large local maximum value as those who found out
the importance of the page.
Now, we will formalize the above mentioned basic idea.
First, we model a bookmark b as a quadruplet

Each vi is deﬁned as velocity of bookmark at t1 + iτ . Likewise,
a′i = vi+1 − vi

can be regarded as acceleration of bookmarks at t1 + iτ , and
we denote their sequence as
′

Ap(T,τ ) = [a′1 , a′2 , · · · , a′l−1 ].
However, this sequence, in general, is oversensitive to local deviation of velocities. Hence we apply the following
′
(T,τ )
smoothing function to Ap
a1 = (
3a′1 +a′2 ) / 5
ai = (a′i−1 +3a′i +a′i+1) / 5
al−1 = (a′l−2 +3a′l−1
)/5

)
A(T,τ
= [a1 , a2 , · · · , al−1 ]
p

as acceleration. Similarly, we denote the cumulative
number of bookmarks between t1 and t1 + iτ as xi , i.e.
xi =

BpT = [(u1 , t1 , L1 ), (u2 , t2 , L2 ), · · · , (un , tn , Ln )].
Also, let τ be a unit time period such that T = lτ for a
positive integer l. We denote a sequence of integers obtained
by counting the bookmarks in BpT in every time period τ as
Vp(T,τ ) = [v1 , v2 , · · · , vl ],
that is,
˛˘
˛
vi = ˛ (uk , tk , Lk ) ˛ (uk , tk , Lk ) ∈ BpT

¯˛
∧ t1 + (i − 1)τ ≤ tk < t1 + iτ ˛.

(1)

(i = 2, 3, · · · , l − 2)

We deﬁne the sequence obtained after the smoothing

b = (u, p, t, L),
where u is a user, p is a page, t is the time when b was shared,
L is the set of tags given to b. A quadruplet indicates “when,
who bookmarked which page with what tags.” A user u can
bookmark a page p at most once, so no two bookmarks can
have the same pair of u and p. Also, u may not use any tag
for a bookmark b, in which case L = ∅.
Then we denote a sequence of bookmarks on a page p in
a time interval T starting from the ﬁrst time p was bookmarked as

(i = 1, 2, · · · , l − 1)

i
X

vj

(i = 1, 2, · · · , l).

j=1

We also denote the sequence of xi ’s between t1 and t1 + T
as
Xp(T,τ ) = [x1 , x2 , · · · , xl ].

3.2

Evaluation of bookmark growth

Consider Figure 2 as idealized transition of bookmarks
on a certain page. The horizontal axis shows subscript i,
and vertical axis shows velocity vi , acceleration ai and cumulative number of bookmarks xi . Both axises are discrete
in fact, but shown continuously in the ﬁgure for simplicity.
In the ﬁgure, cumulative number of bookmarks has grown
twice. Pointed by Biddulph [5], little ripples of attention
recur after the ﬁrst burst. Each growth can be roughly observed between subscripts i = rj , fj (j = 1, 2 in the ﬁgure),
which correspond to the time acceleration reaches a local
maximum value and a local minimum value. We call such
an interval as j-th growing interval.
Given threshold values α, β (> 0) and a positive integer
parameter γ, we obtain all the growing intervals of a certain
page as described below:

1. Set j = 1, s = 1.

3. (Find the time point when the number of new bookmarks becomes very few.)
On i > rj , ﬁnd a minimal i to be assigned
to ej that
P
satisﬁes |ak | < α (i ≤ k < i + γ) and i+γ−1
|ak | < β;
k=i
or ej = l if such i was not found.

cumulative number of bookmarks

2. (Find the starting point of the next growing interval.)
On i ≥ s, ﬁnd a minimal i to be assigned to rj that
satisﬁes ai > ai−1 , ai > ai+1 and ai > α; or ﬁnish if
such i was not found.

p1
p2
p3
p4

0
T
T

4. (Find the corresponding ending point of the growing
interval.)
On rj < i ≤ ej , ﬁnd a minimal i to be assigned to fj
that satisﬁes (a) and (b) below; or only (a) if such i
was not found.
(a) ai < ai−1 and ai < ai+1

I
t1p1

t1p3

t1p2+TtR t1p4

t1p3+T

Figure 3: Relationship between T and I.

bookmarked less than a certain number of pages because of
insuﬃciency of information.
We denote a set of pages which a user u bookmarked in a
time interval I = [tL , tR ) as

(b) ai < −α
Still not found, fj = rj + 1.
5. s = ej + 1, increment j, and go to step 2.

PuI = {p | (u, p, t, L) ∧ t ∈ I} .

A threshold α is used to ignore little extreme values that do
not seem to be the beginning of some bookmark growths at
step 2 (and also the ending of them at step 4.)
Then we value each bookmark growth based on the following idea: it is better for the page to be bookmarked by
users more broadly and quickly. Back to Figure 2, that is to
say, the less the length of growing interval fj − rj and the
more the growth of bookmark xfj − xrj , the growth is more
highly valued. So we value j-th growth of p with rj and fj
as below:
xfj − xrj
g-score(p, j) =
(2)
fj − rj

3.3

tL t1p2

Trend prediction using values of users

In this section we value users using the value of the growth
g-score(p, j).
We consider that the users who noticed the importance
of a certain page bookmarked it just before it reached some
growing intervals. We denote a set of such users who bookmarked p within time γτ before j-th growth as Up,j . Namely,
n ˛`
r τ´
˛
Up,j = uk ˛ (uk , tk , Lk ) ∈ Bpj
∧
`
´o
(r −γ)τ
(uk , tk , Lk ) ∈
/ Bp j
(if rj > γ)

(3)

With equations (2) and (3), we deﬁne the value of the user
u on j-th growth of p, u-scorep,j (u), as below:
8
< g-score(p, j)
(u ∈ Up,j )
u-scorep,j (u) =
|Up,j |
: 0
(u ∈
/U )
p,j

Then we value users as a whole by aggregating the values
of those on every page in certain time interval. We would
now also introduce bookmark precision of each user, that
is the ratio of the grown pages to all the pages the user
bookmarked. The larger the ratio is, the higher we want
to value the user. Furthermore, we reject the users who

We also denote a set of pages bookmarked in I for the ﬁrst
time and by u just before any growths of them as
)
( ˛
˛
[
˛
I,r
p
(4)
Pu = p ˛ u ∈
Up,j ∧ t1 ∈ I .
˛
j

With these equations, we deﬁne the value of a user u as
8
< |PuI,r | P P
I
p
j u-scorep,j (u) (|Pu | ≥ N )
u-score(u) =
|PuI |
:
0
(|PuI | < N )
where N is a positive integer parameter for rejection.
Now we complement T , I and equation (4). Figure 3
shows relationship between T and I on four pages p1 , p2 , p3
and p4 . We only use the pages bookmarked in I for the ﬁrst
time, namely p2 and p3 . Then we only use bookmarks from
the time the page was bookmarked for the ﬁrst time until
T has passed, indicated by two right-pointing arrows in the
ﬁgure. But if the arrow of T is over the current time, we
only use the bookmarks until now.
Finally, we predict how much attention will be attracted
to the page p as below:
X
1
hotness(p) =
u-score(u)
tnow − tp1 u∈U
p

where Up is a set of users who bookmarked p by the current
time tnow .

3.4

Trend prediction using values of users and
tags

In this section we introduce tags to extend our method
described in section 3.3. It is to catch trend topics from
tags and value pages about them highly. However, it is not
always true that those tags which are used frequently express
trend topics, because they tend to be common words. So we
use prominency of tags, instead simply using frequency of
tags.
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Table 1: Parameters.
value
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2
5
6
28
03/01/07 00:00, 03/02/07 00:00,
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Figure 4: Experiment on score 1 (M ).

Given two time intervals with the same right endpoints
I1 = [tL1 , tR ) , I2 = [tL2 , tR ) (that tL1 < tL2 ), we deﬁne
prominency of a tag l as below:
8
I2
>
< |I1 ||Bl |
(|BlI1 | ̸= ∅)
I1
prominency(l) =
|I
2 ||Bl |
>
: 0
(|BlI1 | = ∅)
where BlI is a set of bookmarks which was shared in a time
interval I and was given l to, namely
BlI = {(u, p, t, L) | t ∈ I ∧ l ∈ L} .
A prominency of l is the relative frequency of it in I1 to that
in I2 . It will be the maximum value when l was only used
in I2 .
Finally, we denote the value of a set of tags L as
ȷ
maxl∈L prominency(l) (L ̸= ∅)
prominency(L) =
1
(L = ∅)

We compared our lists with Hatena Bookmark hot entry list1 . In this list, the pages bookmarked by a speciﬁed
threshold number of users were ranked and displayed in reverse chronological order, with the most recent pages on top.
The threshold was three as a default, and we used this value
to create the hot entry list.
Assumed some tnow shown in Table 1 as current times, we
created two lists by our methods described in Section 3.3 and
Section 3.4, and the hot entry list. Then we removed the
pages grown at least once from all the lists. We also removed
the pages bookmarked by less than three users from our two
lists. Finally we picked out the top 100 (= K) pages from
each list to be a set M and evaluate it by equations below:
X
score 1 (M ) =
bookmark (p)
p∈M

and predict attention of a page p as below:
hotness(p) =
X
1
u-score(u) · max{prominency(Lu,p ), 1}
p
tnow − t1 u∈U
p

The minimum value of the term max{·} is 1, so the users
who bookmarked p is valued the degree of themselves at
least.

4. EVALUATION EXPERIMENT
We carried out experiments to examine the eﬀectiveness
of our method. In the experiment, we created a couple of
ranked lists of trend pages by our methods and compare
them with a list created by the traditional method to examine the eﬀectiveness.
First we set parameters as shown in Table 1 empirically.
Our experiment was carried on a set of Hatena Bookmark [3] data. From Hatena Bookmark, we retrieved 243084
URLs of pages which had been bookmarked for the ﬁrst time
from February 1, 2007 to March 9, 2007. Then we got all
the bookmarks until seven days (= T ) after the ﬁrst time
each page was bookmarked. Using this dataset, we valued
users and tags by the method described in Section 3.

score 2 (M )

=

X bookmark (p)
rank M (p)
p∈M

score 3 (M )

=

X
p∈M

score 4 (M )

=

bookmark (p)
log10 rank M (p) + 1

X log [bookmark (p) + 1]
10
log
10 rank M (p) + 1
p∈M

where rank M (p) is the rank of p in M , bookmark (p) is the
number of users who bookmarked p in seven days (= T ′ )
from tnow . Each equation evaluates a list by the number
of users who bookmarked the pages in it. The larger the
value, the higher the list is evaluated. The diﬀerence of
each equation is to what degree it considers the rank of the
page.
The results are shown in from Figure 4 to Figure 7. “Hatena
hot list” indicated the score of the hot entry list of Hatena
Bookmark. “User only” and “User and Tag” show the score
of the lists created by our methods described in section 3.3
and 3.4, respectively. Comparing “User only” with “Hatena
hot list”, we can ﬁnd that our list is better than that of
Hatena (26 of 40). Similarly, “User and Tag” is better than
Hatena (24 of 40).
Now, we emphasize that it is disadvantageous for us to
evaluate our methods using Hatena Bookmark hot entry list.
It can be natural for the pages ranked high in Hatena hot list
to be bookmarked by more users because the list is displayed
1

http://b.hatena.ne.jp/entrylist?sort=hot
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Figure 6: Experiment on score 3 (M ).
on the front page of Hatena Bookmark and viewed by many
users. Despite that our lists are not to be so, they are not
inferior to the list of Hatena. The fact indicates that the
results can be better if our lists are exposed to the users.

[8]

5. CONCLUSIONS
Social bookmark services have become popular not only
as tools of annotating and sharing users’ bookmarks, but
also as new information sources. The services display the
pages which is bookmarked by many users recently, ranking
them by the number of users bookmarking each page. There
are, however, more useful information for ranking. Current
social bookmark services are not fully utilizing such information.
In this paper we proposed a trend prediction method using
time series of bookmarks. We ﬁrst deﬁne the growth of the
page, treat the users who bookmarked it just before some
growth as those who found out the importance of the page
and value them. Besides, we introduced the prominency
of tags to catch trend topics from them. We carried out
experiments and found that our methods were superior to
Hatena Bookmark hot entry list.
As a future work, we would like to introduce interests of
the users to our method. A user may be interested in a certain topic but not be familiar with another. Corresponding
to this, the activity of bookmark may be diﬀerent. We think
that the diﬀerence may appear in the diﬀerence of tag usage.

[9]

[10]
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