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ABSTRACT
Collaborative tagging systems have the potential to produce
socially constructed information organization schemes. How-
ever, their effectiveness depends on how users choose tags.
Using data from del.icio.us, a popular collaborative tagging
system for organizing web bookmarks, we quantitatively test
three hypotheses concerning users’ tag choices: 1) Users
imitate other user’s choices of tags, 2) Users choose tags
from the organization of their own personal collection, and
3) Users choose tags recommended by the system. We find
evidence for strong influence of a user’s existing organiza-
tion and little evidence to support the other hypotheses.
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INTRODUCTION
User-contributed metadata, also known as tagging, is increas-
ingly receiving attention as a tool for digital information
management. Tagging provides a means for users to as-
sociate personally salient keywords or labels with content
items, enabling them to find the content later via informa-
tion they are predisposed to recognize or recall [5]. Tagging
helps users package information for future information seek-
ing and reuse [7]. Tagging has not only been applied to per-
sonal information management; many so-called collabora-
tive tagging systems have appeared in recent years. Collab-
orative tagging systems such as del.icio.us and citeulike.org
publicly expose individual users’ associations between con-
tent items and tags, thereby providing visibility into words
others have used to tag similar items. Grudin [3] suggests
that collaborative tagging can be a low-effort solution for
shared or group information management, because it does
not require that users try to conform to a controlled vocabu-
lary or organization scheme. However, in other shared infor-
mation management contexts, research has shown that such
effort is necessary for effective information reuse [7].
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In a collaborative tagging system, users navigate large amounts
of information via tags. Users interested in viewing content
tagged a certain way by others can browse the system by
clicking on tags. Tags provide the “information scent’ [10]
that connects users with information; tags are the infrastruc-
ture upon which information organization and seeking takes
place. This has interesting consequences when one consid-
ers information retrieval effectiveness. If a given tag is ap-
plied in an inconsistent manner among many users, more
variability exists in the content items displayed when a user
browses to a particular tag [6]. For example, users tend to
use high-level tags like “technology” and personal tags like
“to read”, as well as words like “apple” that can refer to a
computer or a fruit, and “photos” or “pictures” which are
synonyms. Influences and patterns in how users make tag
choices could affect not only their own use of a particular
tagging system for personal information management, but
also impact the utility of the system as a whole for the infor-
mation seeking of others [11].

In this paper, we focus on the social bookmarking website
del.icio.us, as a case study of a collaborative tagging system
supporting both personal and shared information manage-
ment. del.icio.us is an online application that allows users to
save and tag their own web bookmarks so they are accessible
from any networked computer. It is an interesting case for
several reasons. The bookmark and tag histories for over one
million users are public and can be viewed (and analyzed) by
anyone. del.icio.us has recently received attention in the re-
search literature as the canonical example of a collaborative
tagging system for information management [2] (in contrast
with the photo sharing website flickr.com, which incorpo-
rates tagging but has a different overall purpose). Finally,
other researcher suggests [2, 4] that a socially constructed
shared vocabulary might emerge on del.icio.us.

We wanted to look for evidence of a social process affecting
tag choice, using a quantitative analysis of tagging data from
del.icio.us. Golder and Huberman [2] speculate that users
might be imitating each others’ tag choices; in other words,
tag choices might be influenced by tags that had been previ-
ously applied to the same web page by other users. However,
it is reasonable to assume that there might be other sources of
influence on users’ tag choices having to do with personal in-
formation management goals. For example, a user interested
in del.icio.us only for organizing and re-finding their own
bookmarks might strive for consistency within their own “con-
trolled vocabulary”, to maintain a shorter list of tags [11].
Or, users might desire to expend as little effort as possible
when choosing tags, and simply select the tags the system
recommends when they create a new bookmark.

If imitation or another social process is at work, we should
be able to detect it by analyzing similarities between users’
tag choices when bookmarking a new webpage, and all tags
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Figure 1. Screen capture of the del.icio.us bookmark posting interface

previously associated with that webpage. If, however, users
are influenced more by personal information management
goals, their tag choices should be more similar to tags they
had previously used when saving other bookmarks than tags
previously associated with the webpage. We can test these
predictions of the alternative hypotheses using the large amount
of data available online, to determine whether one or more
are significant determinants of tagging behavior.

METHOD
By default, bookmarks and tags in del.icio.us are public in-
formation. Each new bookmark has the following meta-
data associated with it: the username of the person sav-
ing the bookmark, the tags selected by that user, and the
date and time the bookmark was created. Users browsing
del.icio.us view subsets of bookmarks delimited by metadata
such as a particular username, tag, or user-tag combination.
For example, clicking the tag library in the list of popular
tags on del.icio.us displays all webpages bookmarked by any
del.icio.us user having the tag library associated with them.
Clicking on a username displays webpages bookmarked by
a particular person. The metadata for a given webpage can
also be displayed including the usernames of all the users
who bookmarked it, and all the tags ever associated with it.
The Library of Congress home page has been bookmarked
in del.icio.us by 1962 different users, and tagged “library”
by 8741.

When a user creates a new bookmark, the interface (Figure
1) displays recommended tags selected automatically by the
system, your tags which are all tags chosen in the past by
that user, and popular tags for that particular webpage.

The Dataset
Over two weeks in January 2007, we downloaded the en-
tire bookmark and tag history for approximately 20,000 dif-
ferent webpages in del.icio.us. The webpages were chosen
1As of Sept. 16, 2007

by periodically sampling the “recently posted” and “pop-
ular” del.icio.us pages. We randomly chose 30 webpages
from our sample that had been bookmarked by at least 100
users. Then, in June 2007 we downloaded the complete pub-
lic bookmark histories for all of the approximately 12,000
users who had ever bookmarked any of these 30 webpages.
In other words, our dataset contains the complete tag histo-
ries for 30 webpages bookmarked in del.icio.us, as well as
tag histories for all users who ever bookmarked any of those
30 webpages.

Model and Data Setup
We set up a logistic mixed model regression[1] to evaluate
the influence of three predictors on users’ tag choices:

1. Tags previously associated with a webpage by other users
(the imitation hypothesis)

2. Tags a given user had applied before on other web pages
at the time they bookmarked the web page (the organizing
hypothesis)

3. Tags recommended by the system (the recommended hy-
pothesis) 2

If the imitation hypothesis has a strong influence, we can as-
sume a social process is at work, and a socially constructed
vocabulary is truly emerging. If tagging behavior is deter-
mined more by organizing than by imitation, then we might
expect to see different tagging patterns. For example, word
frequency counts follow a power-law frequency distribution
(Zipf’s Law) in a variety of contexts. It could be a funda-
mental statistical principle of language use; identifying what
causes this pattern is an open research question in linguistics
[9]. Finally, if the recommended hypothesis is true, users’
tag choices are influenced by the del.icio.us recommended
tags algorithm. In this case, either the algorithm is doing a
great job of predicting users’ tag choices, or people are lazy.

We model the dependent variable — the choice of a sin-
gle tag — as a yes/no choice. Because we have no record
of which potential tags a user considered and rejected, we
make a simplifying assumption that the list of observations
for each user consists of a yes/no choice for all tags ap-
plied to the particular webpage at the time our data was
collected. We attempt to estimate the probability of say-
ing “yes” to each tag as a function of three different fac-
tors included in the model as predictors. First, if imitation
is shown to have strong influence on a particular tag choice
by a particular user, then the probability that a tag is cho-
sen should be higher if the word has been used previously
as a tag. This would be reflected in the model as a large,
positive coefficient for the “used.onsite” predictor. Second,
if organizing is shown to have strong influence, the prob-
ability that a word is chosen should be higher if the word
has been previously used by that user as a tag for a different
webpage. This would be reflected by a large, positive coeffi-
cient for “used.byuser”. For the recommended hypothesis,
the recommendation algorithm is not publicly known; how-
ever, some experimentation with del.icio.us has led us to be-
lieve that a tag is much more likely to be recommended if it
has both been applied previously to that webpage and used
previously by the user. Therefore, we approximated the rec-
ommended hypothesis by including an interaction term that
2It is difficult to concretely specify this hypothesis because
del.icio.us does not reveal its method for choosing recommended
tags, and the method may have changed multiple times.
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is 1 when both used.onsite = 1 and used.byuser = 1. We
believe the interaction is a adequate proxy for the recom-
mendation algorithm.

The model also includes several controls for other factors
that may influence the probability of choosing a tag. Some
tags seem to “fit” the webpage better than others (i.e., library
for the Library of Congress home page). Since the data in-
clude repeated measures for each tag, it is important to con-
trol for per-tag variability using fixed effects. This is repre-
sented in the model by “tag dummys”. Finally, some users
tend to assign more tags to their bookmarks than others. For
example, one user in our sample always chose the maximum
of ten tags for every bookmark, while another user always
chose exactly one. Our data also include repeated measures
for user, so we controlled for within-user variability using
random effects. The model is set up as follows:

tag chosen = f(used.onsite, used.byuser, interaction,

tag dummys, random effect(user))

RESULTS
We estimated the model using maximum likelihood estima-
tion, separately for each of the 30 sites in the study. This
allowed us to compare webpages and determine whether an
overall pattern exists.3 We summarize the estimates for the
model coefficients in Table 1.

Interpreting the Odds Ratios
In logistic regression, the dependent variable is dichotomous,
meaning it takes only two possible values. The model is used
to estimate the probability of the dependent variable taking
on the value 1, given a set of predictors. This probability is
represented in the form of odds. For example, a probability
of 50% can be represented as 1:1 odds, and 2:1 odds trans-
lates to a 66% probability. The coefficients for the predic-
tors in a logistic regression model are the natural logarithm
of odds ratios, or the ratio of the odds of one possible out-
come divided by the odds of another outcome. In the model,
our predictors are dummy variables that can be either 1 or 0.
Therefore, the coefficient represents the natural logarithm of
the ratio between the odds that a tag will be chosen when the
value of the predictor is 1 to the odds when the predictor is
0. If the coefficient is positive, then the probability of a tag
being chosen is greater when the value of the predictor is 1
(or true). If the coefficient is negative, the probability of a
tag being chosen is greater when the predictor is 0 (or false).

Consider the first row in Table 1, “A List Apart”. For the
tag webdesign as applied to this site, the odds are about 1:10
(9.1% probability) that an average user would choose webde-
sign as a tag if no one has used it on the site before, and that
particular user hasn’t used it as a tag for another bookmark4.
The coefficient (log-odds ratio) for used.onsite is −0.1303,
yielding an odds ratio of e−0.1303 = 0.878. Therefore, the
odds of choosing webdesign if it has been used on this site
before are 0.0878:1, or about 8.1%. (0.0878:1 / 1:10 yields
an odds ratio of 0.878.) Since this coefficient is negative, the
odds and the probability are decreased. Similarly, the odds
ratio for the used.byuser coefficient is e3.773 = 43.5104.
The odds of choosing webdesign if the user has previously
3Combining the data for all 30 sites into one large dataset proved
computationally infeasible.
4The odds vary by tag. Due to space constraints, tag-specific results
are not reported here

used it to tag a different bookmark are approximately 4.35:1,
or 81%. Finally, if the user has both used webdesign before,
and it has been associated with this webpage before, the odds
ratio is e−0.1303+3.773−0.6507 = e2.992 = 19.93. All three
coefficients are included, because all three predictors are 1
(true). The odds that the user will choose webdesign are
1.993:1, or approximately 67%.

Hypotheses
The three hypotheses stated above can be operationalized in
the model as follows:

1. Users choose tags by imitation, copying them from others
who have bookmarked the webpage. (Used.onSite > 0)

2. Users choose tags for organizing their own collection of
bookmarks, preferring tags they themselves have used in
the past. (Used.byUser > 0)

3. Users choose the recommended tags that del.icio.us pro-
vides. (Interaction > 0)

A Wald test can be done on each parameter estimate, sim-
ilar to the standard t-test used in Ordinary Least Squares
(OLS) regression. It compares the Null hypothesis that the
true value of the parameter is 0 with the alternative hypoth-
esis that the parameter is not 0. The stars in Table 1 show
the statistical significance of these Wald tests. The imita-
tion hypothesis is only supported for one webpage at the 5%
level. Although the Wald test for the used.onsite predictor
is significant for 11 webpages, 10 have a negative parameter
estimate, which does not support the imitation hypothesis.
From this we reject Hypothesis 1. However, the organiz-
ing hypothesis is supported for 29 of the 30 webpages at the
5% level. The parameter estimates are generally quite high,
indicating a strong effect. From this pattern of results, we
conclude that Hypothesis 2 is supported. Finally, the rec-
ommended hypothesis is supported for 3 of the 30 webpages
at the 5% level (the other 11 estimates that are significantly
different than 0 are negative). However, because we are un-
certain how well this proxy approximates the recommended
tags algorithm in del.icio.us, we hesitate to draw any con-
clusions about this hypothesis. One webpage showed the
same pattern of parameter estimates but none of these esti-
mates could be established as statistically significantly dif-
ferent than zero, because the model fit produced very large
standard errors for the estimates. This is a known problem
in logistic regression when the data set is too sparse. We
believe that the data matrix we have for this webpage is in-
sufficient to extract reliable estimates.

When fitting a complicated model, it is important to com-
pute some diagnostic goodness-of-fit statistics. In OLS re-
gression, the F statistic is a statistical test that the model
actually fits the data. Technically, it is a hypothesis test that
the specified model fits the data better than the simplest pos-
sible model – the mean of the data. For logistic regression,
the Gm statistic is analogous to the F statistic. It compares
the specified model to the mode of the data, which is the sim-
plest explanatory statistic for a binary variable. The Gm test
is statistically significant at the 0.1% level for all 30 models.
The OLS R2 statistic represents how much of the variability
in the data the model is able to explain. It is a substantive,
rather than statistical test of significance. The R2

L statistic
is the logistic equivalent of R2 [8], and represents the per-
centage of the likelihood explained by the model. For our
models, R2

L indicates that this model explains about 50% of
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Title Users Used.onSite Used.byUser Interaction Gm(df) R2
L

A List Apart: Articles: Alternative Style 395 -0.1303 3.773 *** -0.6507 ** 5892 31 *** 0.5378
London Underground History 369 -0.3896 * 3.132 *** -0.01643 6325 32 *** 0.5028
Haiku — Desktop Operating System 161 -0.6901 * 2.466 *** 0.953 * 2025 18 *** 0.5306
affiliates homepage — Spread Firefox 214 -1.112 *** 2.708 *** 0.6126 * 2107 21 *** 0.4528
PayPalSucks.com 122 -0.1500 3.33 *** -0.4669 1065 15 *** 0.4587
OS X Maintenance And Troubleshooting 282 -0.6088 ** 3.064 *** -0.1555 3633 26 *** 0.4784
The Library of Congress 552 -0.4761 *** 3.698 *** -0.2488 . 7561 37 *** 0.4553
GDI+ FAQ main index 114 -0.2459 3.475 *** -0.5984 1271 19 *** 0.4714
MetaGer 174 -0.3399 4.58 -1.191 1215 16 *** 0.4123
eHomeUpgrade 270 -0.1015 3.608 *** -0.5326 * 3305 33 *** 0.427
Getting started with SSH 938 0.0692 3.345 *** -0.4176 * 17976 41 *** 0.5744
err.the blog 457 0.434 3.684 *** -0.4777 7557 30 *** 0.5562
Beer Advocate - Respect Beer. 489 0.04503 3.203 *** -0.2474 6737 24 *** 0.5486
Old Computers 258 -0.2638 4.01 *** -0.6646 ** 3651 26 *** 0.4917
Snipplr - Code 2.0 1137 -0.05543 3.302 *** 0.1691 26150 95 *** 0.4949
DotNetNuke 714 -0.0992 3.672 *** -0.6925 *** 11712 52 *** 0.4837
BibDesk — Home 303 -0.3209 . 4.047 *** -0.4422 * 5921 33 *** 0.5218
Tiny Icon Factory 819 -0.04774 2.878 *** 0.5023 ** 15580 56 *** 0.5106
Mint: A Fresh Look at Your Site 560 -0.1584 3.543 *** -0.2467 10333 42 *** 0.4787
101 Cookbooks 1200 -0.02729 4.288 *** -1.07 *** 20459 43 *** 0.6172
Telegraph newspaper online 447 -0.5028 ** 4.256 *** -0.7313 *** 4711 19 *** 0.5316
GlimpsesThe Uncanny Valley 166 0.05604 2.928 *** 0.1534 2174 34 *** 0.3752
DVDStyler - Home 157 -0.8417 ** 2.525 *** 0.5488 2422 18 *** 0.5122
digg labs / swarm 501 -0.3542 * 2.933 *** 0.5093 ** 9392 52 *** 0.4884
Flickr: The HDR Pool 596 -0.3129 3.226 *** -0.3512 9000 27 *** 0.5665
Sxip Identity 496 -0.2242 3.974 *** -0.8316 *** 8009 37 *** 0.4919
Many Eyes 466 0.3673 * 3.04 *** -0.1294 9219 52 *** 0.4774
Obscure Sound - Indie Music Blog 116 -0.4379 3.067 *** 0.1129 1047 13 *** 0.5509
JotSpot Wiki (dojomanual) 218 0.01734 3.757 *** -1.134 ** 3049 27 *** 0.5128
BasKet Note Pads 124 -0.7433 ** 3.225 *** -0.3192 2170 23 *** 0.466

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘’ 1

Table 1. Logistic Regression Results

the likelihood.

DISCUSSION
The results in Figure 1 have a clear pattern; of our three ex-
planatory variables, the strongest influence is users’ previous
tag choices. The coefficients on used.byuser consistently
indicate a much larger influence than that of used.onsite or
the interaction term. While user variability and individual
tag ‘fit’ (represented by control variables in the model) play
an important role in the choice of tags, the data indicate that
users’ desire for personal organization is also important.

This analysis also casts doubt on the imitating hypothesis
and the recommended hypothesis. We were only able to de-
tect an influence of these hypotheses in 1 and 3 sites, respec-
tively, and in these instances the influence was small. If there
is a social process at work promoting a socially constructed
vocabulary, we doubt that it takes the form of direct imita-
tion. We are less sure about the effect of recommendation
because we do not have a compelling measurement of this
explanatory variable.

We believe ours is the first quantitative study of how users
of del.icio.us choose tags to compare these hypotheses from
the literature. This work provides evidence that can be used
to understand how users of del.icio.us choose words to use
as tags.
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