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ABSTRACT
In this paper, we investigate a methodology for measuring
the influence of tag recommenders on the indexing quality in
collaborative tagging systems. We propose to use the inter-
resource consistency as an indicator of indexing quality. The
inter-resource consistency measures the degree to which the
tag vectors of indexed resources reflect how the users under-
stand the resources. We use this methodology for evaluating
how tag recommendations coming from (1) the popular tags
at a resource or from (2) the user’s own vocabulary influence
the indexing quality. We show that recommending popular
tags decreases the indexing quality and that recommending
the user’s own vocabulary increases the indexing quality.

Categories and Subject Descriptors
H.5.3 [Information Interfaces and Presentation]: Group
and Organization Interfaces—Collaborative Computing, Eval-
uation

Keywords
Collaborative Tagging, Indexing Quality, Tag Recommenders

1. INTRODUCTION
Collaborative tagging systems allow users to organize re-

sources, e. g. photos, bookmarks or BibTeX entries, by as-
signing tags or keywords to them. Users can freely choose
the tags which they want to use for indexing resources. Over
time, the tag assignments of the different users lead to the
emergence of a loose categorization system for resources, of-
ten called a folksonomy [11]. One key aspect of tagging
systems is the uncontrolled nature of the community’s vo-
cabulary. Nevertheless, it has been observed in [5, p. 205]
that the combined tag assignments of users ”give rise to a
stable pattern in which the proportions of each tag are nearly
fixed”. This is typically taken as an indicator that tagging
is successful in collaboratively indexing resources despite of
its uncontrolled nature.

This is the author’s version of the work. It is posted here by permission of
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During adding tags to resources, in many tagging sys-
tems, e. g. in Delicious and Bibsonomy, the users see a set
of tag recommendations. It is an often posed question how
these tag recommendations influence the users in their tag-
ging decision and whether this influence is rather positive
or negative. In the related work (see Section 2), there exist
several approaches for analyzing the influence of tag recom-
mendations. In many cases, it is analyzed how tag recom-
mendations influence the inter-indexer consistency [3, 5, 7,
10, 14]. It corresponds to the degree to which the users have
agreed on a common vocabulary for describing resources. It
is assumed that increasing the inter-indexer consistency is
important for dealing with the uncontrolled nature of the
vocabulary in tagging systems.

But what does a high inter-indexer consistency mean in
terms of indexing quality as it might also be measured by
precision and recall during querying resources? The inter-
indexer consistency only measures the average consensus of
the indexers at the single resources. But precision and recall
are influenced by how indexers use the indexing terms across
a set of resources. For example, a high recall is achieved if
related resources are linked to each other by indexing them
with terms which express their common aspects. Further-
more, a high precision is achieved if indexing terms are dis-
criminative enough, i. e. if they only link related but not also
unrelated resources.

None of these aspects which influence precision and recall
are directly measured by the inter-indexer consistency. Nev-
ertheless, the inter-indexer consistency may be positively
correlated with these aspects by introducing the assump-
tion that the indexers reach the same consensus for related
resources and a different consensus for unrelated resources.

In contrast, the inter-resource consistency is a more direct
way of measuring the aspects which lead to high precision
and recall. It measures in how far the indexers are success-
ful in linking related resources by indexing their common
aspects. Thus, the inter-resource consistency is directly cor-
related with the indexing quality and a high precision and
recall of query results (cf. Subsection 3.1). Measures of inter-
indexer consistency are also positively correlated with the
inter-resource consistency, if it can be assumed that the in-
dexing terms are ”selected individually and independently
by each of the indexers” [19].

However, our investigations show that the assumption of
the positive correlation between inter-indexer consistency
on the one hand and inter-resource consistency or index-
ing quality on the other hand does not hold when it comes
to investigating the influence of tag recommenders. The rea-
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Figure 1: Tagging interface of Delicious. Users can
enter free tags in the tags input field and/or they
can select some of the suggested tags.

son is that the users no longer apply their tags individually
and independently of each other. We thus argue that only
the inter-resource consistency can be used as an indicator of
indexing quality in tagging systems. We support this argu-
ment by measuring the inter-resource and the inter-indexer
consistency for two exemplary tag recommenders, showing
that the two measures are not positively correlated with each
other. The rest of this paper is structured as follows:

In Section 3, we provide a methodology for measuring
the inter-resource consistency in tagging systems. Further-
more, we take from the related work a method for measur-
ing the inter-indexer consistency. In Section 4, we derive
the hypotheses that these two measures are not positively
correlated with each other for two exemplary baseline tag
recommenders. Then, in Section 5 we describe the user ex-
periment during which we collect the necessary data for mea-
suring the inter-resource and the inter-indexer consistency.
The results from Section 6 support our hypotheses that the
two measures are not positively correlated with each other if
tag recommendations are used and that thus only the inter-
resource consistency is a valid measure of indexing quality.

2. RELATED WORK
Given an individual user who is about to tag a given re-

source, e. g. a web page, there are three basic paradigms
of suggesting tags to this user [8]: One can suggest (1) tags
based on the tag assignments of other users (either extracted
from the tag assignments associated with the current re-
source or from all tag assignments), (2) tags based on the
previous tag assignments of the current user, and (3) tags
based on the content of the current resource, e. g. by extract-
ing keywords from the content or title of a web page.

Simple tag recommendation algorithms suggest tags only
based on one of the three paradigms. For example, in the
tagging interface of Delicious (see Fig. 1) the user sees amongst
others the seven most popular tags at the current resource
and all his previously used tags. More sophisticated tag rec-
ommendation algorithms suggest tags based on several of
the paradigms. For example, the recommender in [8] first
extracts candidate tags from the local vocabulary and the
content of the current resource. Then, the candidate tags
are checked against the vocabulary of the current user.

But which effect does a given tag recommendation algo-
rithm have on the indexing quality in collaborative tagging
systems? In the introduction, we have explained that one
central aspect of indexing quality is the inter-resource con-
sistency, i. e. in how far the indexers are successful in linking

related resources by indexing their common aspects [18]. For
measuring the inter-resource consistency, an indicator of re-
latedness of resources is required which is independent of the
indexing to be tested [18]. In [18], the authors use topical
clusters of resources for measuring in how far the resources
within a cluster are linked by their indexing terms. The
higher the inter-resource consistency, the better are preci-
sion and recall of queries which use the indexing terms.

Because this independent indicator of resource relatedness
is difficult to acquire, many studies concentrate on the inter-
indexer consistency instead. The inter-indexer consistency
does not require such additional data. But this approach
is only valid if the indexing terms are ”selected individually
and independently by each of the indexers” [19]. An exam-
ple of a recent study using inter-indexer consistency where
this assumption holds is available in [13]. In this study, the
authors compare the indexing quality between professional
indexers and laymen.

But also in the literature about tagging systems, often
some kind of inter-indexer consistency is measured. For ex-
ample, in [5] it is studied how long it takes until the frequen-
cies of the most popular tags at a resource have reached a
stable state. A faster convergence process is ascribed to be
an indicator for a higher inter-indexer consistency. Further-
more, in [14] the inter-indexer consistency is measured in
terms of the tag reuse rate, i. e. by the average number of
users who apply a tag. Finally, in several other studies [3,
6, 7, 10] a smaller size of the final vocabulary is taken as
an indicator for the consensus among the users. In all these
studies, it has been shown that recommending tags based on
the tag assignments of other users leads to a higher inter-
indexer consistency. This higher inter-indexer consistency
is then taken as an indicator of an improved indexing qual-
ity, ignoring the fact that the assumption of individual and
independent tag selection does not hold.

But besides the approaches for measuring the inter-indexer
consistency, also some alternative measures for indexing qual-
ity have been proposed in the literature about tagging sys-
tems. For example, in [15, 17] it has been proposed to com-
pare the resulting tag assignments against the true prefer-
ences of the users. In [15, 17], the true preferences of the
users are defined to be the tag assignments which would oc-
cur without the influence of tag suggestions. This methodol-
ogy judges any deviation from the uninfluenced behavior of
users as negative. Thus, from our perspective it seems un-
suitable for measuring positive effects of tag recommenders
because positive effects can only occur if users deviate from
their uninfluenced behavior.

Furthermore, in the literature about tag recommendation
algorithms, the quality of tag recommenders is measured
by the precision and the recall of the set of recommended
tags (see [8, 16] for examples). In these studies, precision
and recall compare the tag recommendations against a gold
standard. It depends on the chosen gold standard how to
interpret precision and recall. For example, if precision and
recall are measured in a live system1, then they measure
how often users accept a recommendation. If precision and
recall compare the recommendations with the uninfluenced
tag assignments of the individual users then the recommen-
dations are compared to the true preferences of the users

1See the Online Tag Recommendations track of the ECML
PKDD Discovery Challenge 2009 http://www.kde.cs.uni-
kassel.de/ws/dc09/

http://www.kde.cs.uni-kassel.de/ws/dc09/
http://www.kde.cs.uni-kassel.de/ws/dc09/


(like in [15, 17]). The former approach measures in how far
users prefer one tag recommender over another. But this
aspect of tag recommendations is distinct from the resulting
indexing quality. The latter approach of comparing with un-
influenced tag assignments has the same drawbacks as the
approach in [15, 17] (see above).

3. MEASURING THE INDEXING QUALITY
In this section, we describe the inter-resource and inter-

indexer consistency measures in more detail. Furthermore,
we explain in Subsection 3.1 how an improved inter-resource
consistency might also lead to an improved precision and re-
call for queries. In Section 4, we then present our hypotheses
how inter-resource and inter-indexer consistency are influ-
enced by two exemplary tag recommenders.

3.1 Measuring the Inter-Resource Consistency
In general, the inter-resource consistency measures in how

far indexers are successful in linking related resources by in-
dexing their common aspects. We follow the approach from
[18], in which the relatedness of resources according to their
tag vectors V is compared to their relatedness according to
a set of topical clusters C. Given V and C, the idea of inter-
resource consistency is as follows: (1) If two resources are
contained in the same topical cluster c ∈ C then this should
be reflected by a higher similarity of their tag vectors. (2)
If two resources are contained in different topical clusters c1
and c2 then this should be reflected by a lower similarity
of their tag vectors. The higher the ratio of the similarity
within a cluster and the similarity between distinct clusters,
the better is the inter-resource consistency.

During ranked retrieval, the similarity of two tag vectors
v1 and v2 has an important influence on the relevance rank-
ing of the corresponding resources with regard to a query.
The more similar two tag vectors, the more likely the corre-
sponding resources will get a similar relevance value and the
closer together they will be in the ranked result list. Thus,
the first criterion from above ensures that resources from the
same topical cluster are in average ranked closer together.
The second criterion ensures that resources from distinct
clusters are in average ranked farther away from each other.

Overall, combining both criteria leads to a better sepa-
ration of resources from the different topical clusters in a
ranked result list. Thus, resources from the topical cluster
which is most relevant for answering a query are intermixed
with fewer resources from other, less relevant topical clus-
ters. Assuming the match between indexing terms and query
terms which has been shown in [15], then an improved inter-
resource consistency finally leads to an improved precision
and recall for the top-k results for a query.

Measuring the inter-resource consistency is a two-step pro-
cess: In a first step, we have to measure the pairwise sim-
ilarities of the tag vectors in V . In the second step, we
then measure the ratio between the similarity of tag vec-
tors within a cluster and the similarity of tag vectors from
distinct clusters. In the following, we propose measures ap-
plicable for a ranked retrieval model. In [18], measures for
a boolean retrieval model are available.

3.1.1 Measuring the Similarity of Tag Vectors
A common model in information retrieval is the vector

space model which forms the basis for ranked retrieval. It
is the fundamental model for several information retrieval

tasks like scoring documents on a query, document classifi-
cation and document clustering [9]. According to this model,
the tag vector of a resource captures the relative importance
of tags for this resource. In our case, the tag vector of a
resource contains how often the tags t1, . . . , tn have been as-
signed to it by the users. A standard way for calculating
the similarity of resources in the vector space model is the
cosine similarity [9]. Given two tag vectors vi and vj , their
similarity is measured as follows:

cosim(vi, vj) = cosΘ =
vi · vj

‖ vi ‖ · ‖ vj ‖
(1)

The calculation of the cosine similarity is based on the
angle Θ between two tag vectors. Θ itself can also be used
for measuring the dissimilarity between the tag vectors of
two resources.

3.1.2 Within Cluster vs Distinct Clusters Similarity
In order to measure the ratio between the similarity of

tag vectors in the same topical cluster and the similarity of
tag vectors in distinct topical clusters, we propose to use
the Silhouette Coefficient. The Silhouette Coefficient was
first introduced in [12] for evaluating clustering algorithms.
Given a set of resources R = {r1, . . . , rn} and a set of clusters
C = {c1, . . . ck}, so that each resource is contained in only
one of the clusters, and a measure of dissimilarity between
the resources, the Silhouette Coefficient si for a resource ri
is computed as follows:

First, the average dissimilarity ai of ri to all other re-
sources in its cluster c is computed. Second, from all clusters
not containing ri, we identify the cluster c′ whose resources
have in average the lowest dissimilarity to ri. We call this
minimal average dissimilarity bi. In our case, the average
dissimilarity scores ai and bi correspond to the average an-
gle Θ between the tag vectors of the resources. Finally, ai

and bi are set into relation to each other as follows:

si =
bi − ai

max(ai, bi)
(2)

The Silhouette Coefficient si ranges between −1 and 1. si
will take a positive value if resource ri is closer to the re-
sources in the same cluster c than to resources in the closest
other cluster c′. It reaches its maximal value if the dissimi-
larity of ri to the resources in c is 0. In contrast, si will take
a negative value if ri is farther away from the resources in c

than from the resources in c′. It reaches its minimal value
if the dissimilarity of ri to the resources in cluster c′ is 0.

In general, the following relationship between the inter-
resource consistency and the precision and recall of queries
for resources in cluster c holds: The lower the si value, the
more likely it gets that resources from cluster c′ are ranked
as more relevant for the query than the resource ri. This
decreases the precision and recall of queries for resources in
cluster c. The same holds for querying resources from cluster
c′: The lower the si value, the more relevant is ri for such a
query, thus leading to a decreased precision.

Given these definitions, we can now use the average Sil-
houette Coefficient E(si) for measuring the inter-resource
consistency of a set of tag vectors V = {v1, . . . , vn} of the
resources in R. The higher the E(si)-value, the higher the
inter-resource consistency of the tag vectors. The E(si)-
values for two sets of tag vectors V1 and V2 can be com-
pared given that they describe the same set of resources R



and that they are compared to the same set of clusters C.
Only if these two preconditions are fulfilled, we can be sure
that a difference in the two E(si)-values also indicates a dif-
ference in the inter-resource consistency for V1 and/or V2.

3.2 Measuring the Inter-Indexer Consistency
According to our analysis of the related work in Section 2,

many authors assume that a high inter-indexer consistency
also indicates a high indexing quality. We argue that this
assumption does not hold if the users are influenced by tag
recommendations during tagging. In order to support our
argument, we compare during our evaluation a traditional
measure of inter-indexer consistency to our measure of inter-
resource consistency. If our argument is correct, we expect
to see no positive correlation between the two measures.

By looking at the literature about tagging systems (see
Section 2), two measures related to the inter-indexer con-
sistency can be identified: The tag reuse rate from [14] and
the size of the vocabulary [3, 6, 7, 10]. The global vocabu-
lary size is not a good measure for the inter-indexer consis-
tency because it is not only influenced by the overlap of the
users’ vocabularies or the inter-indexer consistency respec-
tively but also by the average size of the users’ vocabularies.
Thus, we will only use the tag reuse rate for measuring the
inter-indexer consistency in the following. In [14], it is de-
fined as ”the average number of users who apply a tag”. In
our case, we first compute the tag reuse rate tri for each
resource ri. The overall tag reuse rate then corresponds to
the average E(tri) over all resources.

4. RESEARCH HYPOTHESES
In this section, we present two exemplary tag recommenders

which are actually used in Delicious. For these two tag rec-
ommenders we derive the hypotheses that in their case the
inter-resource consistency and the inter-indexer consistency
are not positively correlated with each other. The first rec-
ommender shows that the inter-resource consistency may
increase even if the inter-indexer consistency decreases. The
second recommender shows that the inter-resource consis-
tency may decrease even if the inter-indexer consistency in-
creases. If we are able to show in Section 6 that these corre-
lations between inter-resource and inter-indexer consistency
hold for the two recommenders then this would support our
argument that one has to directly measure the inter-resource
consistency instead of the inter-indexer consistency for mak-
ing conclusions on the indexing quality in tagging systems.

4.1 Increasing the Inter-Resource Consistency
One important way for increasing the inter-resource con-

sistency in a tagging system is to increase the inter-resource
consistency of the tag assignments of the individual users.
It is the objective of the User Tags-based recommender to
help the individual user in establishing a consistent tagging
vocabulary and to consistently apply it to all resources in his
personal collection which have the respective aspects in com-
mon. This objective is tried to be achieved by recommend-
ing the user all his previously used tags. This recommender
is also used in Delicious (see the Your Tags suggestions in
Fig. 1). These considerations about the User Tags-based
recommender lead to the following testable hypothesis:

Hypothesis 1. Suggesting the user his/her own tags in
the user interface increases the inter-resource consistency
and/or indexing quality in tagging systems.

Of course, it is unreasonable to assume that the User Tags
recommender increases the inter-indexer consistency in a
tagging system. In reverse, it can be assumed that the inter-
indexer consistency either remains unchanged or that it is
even decreased. Both cases support our argument that one
can not assume a positive correlation between inter-resource
and inter-indexer consistency.

Hypothesis 2. Suggesting the user his/her own tags in
the user interface leads to an unchanged or decreased inter-
indexer consistency in a tagging system.

4.2 Increasing the Inter-Indexer Consistency
One important way for increasing the inter-indexer con-

sistency in a tagging system is to show the individual users
the tags of the other users. It is a common assumption in
the literature that such suggestions reduce the uncontrolled
nature of the vocabulary in tagging systems (see Section 2).
But in how far do they also help in increasing the inter-
resource consistency in a tagging system? A positive cor-
relation between both measures can no longer be automati-
cally assumed because the individual users no longer select
the tags individually and independently of each other.

In the following, we argue that in case of the Popular Tags-
based recommender a decreased inter-resource consistency
may be observed although it increases the inter-indexer con-
sistency. Our Popular Tags recommender suggests the indi-
vidual user the seven most popular tags of a resource, , i. e.
it mimics the behavior of the corresponding recommender
in Delicious (see the Popular Tags suggestions in Fig. 1).

In [17], it has been argued with a theoretical model that
a recommender based on popular tags may distort the true
tagging preferences of a user. Thus, the user applies differ-
ent tags then he would do without seeing the suggestions.
But in itself, distorting the true tagging preferences is not
a negative thing: The User Tags recommender changes the
actual tag assignments of a user, nevertheless we assume in
Hypothesis 1 that it helps to increase the indexing quality.
But in case of the Popular Tags recommender, the tag fre-
quencies converge to a random limit (see [5]). Thus, the tag
frequencies no longer only express the important aspects of
a resource but they are also influenced by a random pro-
cess. This influence of the random process decreases the
inter-resource consistency:

Hypothesis 3. Suggesting the user a list with the most
popular tags at a resource decreases the inter-resource con-
sistency and/or indexing quality in tagging systems.

Furthermore, getting feedback about the tags used by
other users for describing the same resource increases the
inter-indexer consistency:

Hypothesis 4. Suggesting the user a list with the most
popular tags at a resource increases the inter-indexer consis-
tency in a tagging system.

5. USER EXPERIMENT
In this section, we describe the web-based user experiment

which we use for testing the hypotheses from Section 4. The
results of the experiment are presented and discussed in Sec-
tion 6 and 7. The experiment is divided into two phases:
During the first phase, screenshots of ten web pages were
shown to the users in a random order. To each web page, the



Figure 2: The user interface for assigning keywords
to the 10 web pages. The web pages were shown
in random order. During tagging, the users saw a
screenshot of a browser window showing the web
page. The screenshot also included the URL and the
title of the web page. Depending on the experimen-
tal condition, a tag cloud with the tag suggestions
was displayed below the input field for the keywords.
Here, the interface for the Popular Tags condition
is shown. By clicking on one of the suggested tags,
the user added it to the input field.

participants should assign any number of tags (see Fig. 2).
In a second phase, we asked the participants to group the
web pages into topical clusters (see Fig. 3).

For the experiment, we used the same set of web pages
as in a previous experiment by Bollen and Halpin [1]. The
URLs of the used web pages are shown in Tab. 1. The URLs
were selected so that their topics appeal to the general public
and not only to participants with a specialized background.
In [1] more details are available about how the specific URLs
were selected. From the set of eleven web pages used in [1],
one web page was removed because a pretest showed that
participants had problems in understanding the topic of the
web page based on a screenshot of it.

5.1 Experimental Conditions
In order to test our hypotheses from Section 4, we have

to distinguish the following three experimental conditions:
Under the No Suggestions condition, the users do not

get any tag suggestions while tagging the ten web pages.
This user group is the control group to which we compare
the results of the other two experimental conditions.

Under the Popular Tags condition, the users gets sug-
gested the seven most popular tags for the current web page.
The most popular tags are based on the tag assignments of
the previous users under the same experimental condition
for the same web page. Prior to the experiment, each of
the web pages got initialized with the tags of a random user
from Delicious for the same web page (see Tab. 2). For

Figure 3: The user interface for grouping the web
pages into topical clusters. In the left column,
screenshots of the 10 web pages are shown. On the
right side, all clusters of the current user are shown.
The users were allowed to create any number of clus-
ters. When creating a new cluster, the users were
asked to provide a name for it.

ID URL

1 http://www.theonion.com/

2 http://news.bbc.co.uk/2/hi/uk_news/6057734.stm

3 http://uk.moo.com/

4 http://www.tvtrip.com/

5 http://www.panoramas.dk/

6 http://www.sleeptracker.com/

7 http://blisstree.com/feel/what-happens-to-your-
body-if-you-drink-a-coke-right-now/

8 http://www.patentlysilly.com/

9 http://www.whfoods.com/

10 http://www.webmd.com/balance/features/your-
guide-to-never-feeling-tired-again/

Table 1: URLs of the 10 web pages used during the
experiment.
the German variant, the same tags have been translated to
German.

The initialization of the Popular Tags condition with a
random user is necessary in order to introduce a comparable
level of randomness to the tag assignment process as in a real
system like Delicious. In a real system, the resources would
also be first tagged by different users. Without initializing
the resources with a random posting, the first assignments
at the resources would all come from the first participant of
the Popular Tags condition.

Under the User Tags condition, each user sees all tags
which he/she previously used in the experiment. For the
first web page, the users do not get any suggestions.

5.2 Recruiting and Instructing Participants
We used several channels for recruiting participants for the

experiment: (1) We approached colleagues and friends. (2)
We promoted the experiment during the Web Science Con-
ference 2011. (3) We distributed the call for participation
over twitter and several public mailing lists about informa-

http://www.theonion.com/
http://news.bbc.co.uk/2/hi/uk_news/6057734.stm
http://uk.moo.com/
http://www.tvtrip.com/
http://www.panoramas.dk/
http://www.sleeptracker.com/
http://blisstree.com/feel/what-happens-to-your-body-if-you-drink-a-coke-right-now/
http://blisstree.com/feel/what-happens-to-your-body-if-you-drink-a-coke-right-now/
http://www.patentlysilly.com/
http://www.whfoods.com/
http://www.webmd.com/balance/features/your-guide-to-never-feeling-tired-again/
http://www.webmd.com/balance/features/your-guide-to-never-feeling-tired-again/


ID URL

1 theonion, news, america

2 bbc, news, evolution, human

3 moo, business cards, post cards, printing

4 tvtrip, travel, hotels, reviews

5 panorama, background image

6 sleep, alarm, shop

7 health, coke, diet

8 funny, patents

9 health, food

10 sleep, health, guide

Table 2: Tags used for bootstrapping the English
Popular Tags condition.

German |Users| |Tags| |TAS| |TAS|/|User|
No Suggestions 74 706 2,134 28.84
User Tags 79 466 1,507 19.08
Popular Tags 78 531 2,228 28.56
English |Users| |Tags| |TAS| |TAS|/|User|
No Suggestions 115 973 3,150 27.39
User Tags 118 819 2,919 24.74
Popular Tags 118 550 3,003 25.45

Table 3: Sizes of the experimental data sets. Only
participants who finished tagging all ten web pages
are included. (TAS = tag assignments)

tion retrieval. (4) We distributed the call in an internal news
group of the University of Koblenz.

All in all, 877 users participated of which 582 finished
tagging all 10 web pages. For 530 users, also the grouping
of the web pages according to their similarity is available.
In Section 6, we only use the tag assignments and groupings
of those 582 users who finished tagging all 10 web pages.
According to a questionnaire at the end of the experiment,
approximately 53% of the participants use tagging systems
for searching regularly or sometimes. The rest tried it either
once or not all. Furthermore, 45% of the participants upload
content to tagging systems regularly or sometimes.

Due to our recruiting strategy, we expected to observe a
homogeneous subgroup of native German speakers. Thus,
we decided to not only offer an English variant of our exper-
iment but also a German variant. In both variants, the same
English web pages were shown but in the German variant
we asked the participants to preferably use German key-
words. Thus, German participants were able to use their
larger and more accurate active German vocabulary during
tagging. Each participant decided on his own whether to
participate in the German or English variant.

All in all, 231 users finished the experiment in the German
variant and 351 users in the English variant (see Tab. 3). It
was the objective of our recruiting strategy to recruit around
100 participants for each of our experimental conditions be-
cause usually this number of participants is required until
the tag vectors reach a stable state (cf. [5]). For the Ger-
man variant, we recruited slightly less participants than our
target value of 100 participants per experimental condition.
For the English variant, we recruited slightly more partic-
ipants. But an a posteriori analysis of our results showed
that we nevertheless reached for all experimental conditions
the primary objective of having stable tag vectors.

Figure 4: Instructions given to the participants of
the English experiment variant.

After choosing between the German or the English variant
of the experiment, each participant was randomly assigned
to one of the three conditions described in Subsection 5.1.
The experimental condition with the most participants was
excluded from the random assignment, if it already con-
tained at least 5 participants more than the condition with
the fewest participants. This ensured a balanced distribu-
tion of participants over the experimental conditions.

The participants were not aware that different experimen-
tal conditions exist and that they have to create topical clus-
ters at the end of the experiment. They were only told that
the experiment analyses how keywords are used for organiz-
ing collections of web pages (see Fig. 4).

6. RESULTS
In this section, we are showing the results of our user

experiment. The results help us in validating the hypothe-
ses from Section 4. In a first step, we evaluate in Subsec-
tion 6.1 in how far the users from the different experimen-
tal conditions have identified similar topical clusters. The
identification of similar topical clusters is a precondition for
comparing the inter-resource consistency between the dif-
ferent experimental conditions in Subsection 6.2. Finally,
in Subsection 6.3 we compare the inter-indexer consistency
between the different experimental conditions.

6.1 Similarity of the Topical Clusters
In Subsection 3.1.2, we have described how to use the

average Silhouette Coefficient E(si) for measuring the inter-
resource consistency of the tag assignments. But before we
can apply this method on our data, we have to verify that the
participants of the different experimental conditions have
in average identified the same topical clusters during the
second phase of the experiment (see Fig. 3). Otherwise, the
differences in the E(si)-values may not only be caused by
the influence of the respective experimental condition but
also by differences in the topical clusters.

During the second phase of the experiment, we received
feedback from 530 of our participants. A user was only able
to finish the second phase if every web page was assigned to
one cluster. The participants were allowed to provide a name
for each cluster in order to make it easier for them to keep
track of their clusters. On average, each participant sepa-
rated the 10 web pages into 4.76 clusters, i. e. 2,521 clusters
have been created. Together, the users identified 140 dis-
tinct clusters. Two topical clusters are considered as equal
if they contain the same web pages.



Figure 5: Visualization of the 11 most frequently
identified clusters of web pages. Each box in the
gray area corresponds to one cluster. Within the
box of each cluster it is given, by how many partic-
ipants the cluster has been identified. For example,
28% of all experiment participants put the BBC web
page (URL-2) alone into a cluster, leading to clus-
ter cl-1. Another 34% of the participants instead
decided to group BBC (URL-2) together with The

Onion (URL-1), leading to cluster cl-2. The remain-
ing 38% of the participants have put URL-2 into
other, less frequent clusters. Nevertheless, an anal-
ysis of the names used for cl-1 and cl-2 reveals that
both clusters are seen as related to the News topic.

In Fig. 5, the eleven most frequently identified clusters
from the second experiment phase are shown. Altogether,
the eleven clusters from Fig. 5 represent 70.25% of all identi-
fied topical clusters. According to the names of the clusters,
the 10 web pages are roughly related to 6 different topics.
URL-1, URL-5 and URL-6 are each on the border between
two topics. For example, the web page The Onion (URL-1)
publishes satirical news articles. 34% of the users think that
it is more related to the News-topic and thus they group it
with an article from the BBC web page (URL-2), leading to
cluster cl-2. In contrast, 22% emphasize more the Humor -
topic and thus group it with Patently Silly (URL-8) which
lists funny and strange patents, leading to cluster cl-3.

In Fig. 5, the reported cluster probabilities are based on
all 530 participants who completed the second phase of the
experiment. But in Fig. 6 it can be seen that in the German
variant the vast majority of the participants perceive The
Onion (URL-1) as related to BBC (URL-2) and the News
topic. In contrast, participants of the English variant more
prefer to cluster The Onion with Patently Silly (URL-8) ac-
cording to the Humor topic. This preference for clustering
The Onion together with Patently Silly is even more preva-
lent for the English Popular Tags condition (see Fig. 7).

But in how far are these differences in the cluster proba-
bilities significant? In the following, we use the χ2-Test [2,
p. 199ff] for answering this question.2 If the χ2-Test rejects
the hypothesis of equal cluster probabilities then we cannot
compare E(si)-values for those experimental conditions.

In a first test, we compare the clusterings from the En-
glish variant of the experiment with those from the German
variant. The test reveals that the clusterings differ signifi-
cantly (T = 161.69, n1 = 1519, n2 = 1002, p < 0.01). Thus,
we cannot use the Silhouette Coefficients for comparing the
inter-resource consistency across the two language variants.

2For the χ2-Test, we counted how often each of the dis-
tinct clusters has been identified by the different partici-
pants. The probability of all clusters identified by only a
single user from either of the compared participant groups
is combined in a single cluster ”other”. This is necessary for
preserving the validity of the χ2-Test (see [2, p. 201f]).

Figure 6: Differences in the clustering of URL-1 be-
tween the participants of the English and the Ger-
man experiment variant. Participants of the Ger-
man variant see it more as news related and thus
cluster it with URL-2. In the English variant, the
participants more emphasize its humorous aspects
by clustering it with URL-8.

Figure 7: Differences in the clustering of URL-1 be-
tween the participants of the English experiment
variant. Under the Popular Tags condition, more
participants see URL-1 as related to humor and thus
cluster it with URL-8.

But for evaluating our hypotheses from Section 4, it is more
important whether we can use the Silhouette Coefficient for
comparing the No Suggestions condition to the other two
experimental conditions within the same language variant:

No Suggestions vs. Popular Tags Only for the German
variant of the experiment the clusterings from the No
Suggestions condition and from the Popular Tags con-
dition can be considered as equal. For the English
variant, the clusterings from the two conditions differ
significantly. Possible explanations for the significant
differences are discussed in Subsection 7.
German: T = 39.25, n1 = 339, n2 = 323, p = 0.75;
English: T = 63.04, n1 = 489, n2 = 515, p = 0.06

No Suggestions vs. User Tags For the English variant
of the experiment as well as for the German variant
the clusterings from the No Suggestions condition and
from the User Tags condition can be considered as
equal. For the German variant, the differences between
the clusterings are smaller than for the English variant.
German: T = 35.03, n1 = 339, n2 = 340, p = 0.86;
English: T = 51.99, n1 = 489, n2 = 515, p = 0.36

All in all, the results in this subsection show that there are
only minor differences in the cluster probabilities between
the three German experimental conditions. Thus, we can
compare the E(si)-values between all three German exper-
imental conditions. In contrast, in the English experiment
variant we can only compare the No Suggestions and the
English User Tags condition. The English No Suggestions



German E(sx,i) E(trx,i)
No Suggestions 0.1847 2.44
User Tags 0.2367 2.39
Popular Tags 0.1474 3.60
English
No Suggestions 0.1713 2.76
User Tags 0.1915 2.68
Popular Tags N/A 4.67

Table 4: Influence of the experimental conditions
on the inter-resource consistency and on the inter-
indexer consistency. The inter-resource consistency
is measured by the average Silhouette Coefficient
E(sx,i). The inter-indexer consistency is measured
by the average Tag Reuse Rate E(trx,i).

and the English Popular Tags condition cannot be compared
because of the differences in the identified topical clusters.

6.2 Measuring the Inter-Resource Consistency
In this subsection, we evaluate the hypotheses from Sec-

tion 4 which are related to the influence of tag suggestions on
the inter-resource consistency. In the following, we use the
average Silhouette Coefficient E(sx,i) from Subsection 3.1.2
for measuring the inter-resource consistency for a tagging
system X. We compare the E(sns,i)-value for the No Sug-
gestions condition with the E(spt,i)-value for the Popular
Tags condition and/or the E(sut,i)-value for the User Tags
condition. Based on our hypotheses from Section 4, we ex-
pect the following order of the E(sx,i)-values:

E(spt,i) < E(sns,i) < E(sut,i) (3)

For the German experiment variant, we compute theE(sx,i)
values by comparing the tag vectors of the three experimen-
tal conditions against the union of all clusters given by par-
ticipants of the German variant. This way the differences
between the E(sx,i) values are only caused by differences in
the tag vectors and not also by slight differences in the clus-
ter probabilities. For the English variant, we compare the
tag vectors from the No Suggestions and the User Tags con-
dition against the union of the clusters from the respective
participants. The clusters and tag vectors from the English
Popular Tags condition have to be excluded from the eval-
uation because of the significant differences in the cluster
probabilities as it is shown in Subsection 6.1.

For comparing the E(sx,i)-values of two experimental con-
ditions, we apply a two-tailed Mann-Whitney Test [2, p.
272ff]. It tests the null hypothesis whether two given E(sx,i)
values have to be considered as equal against the alterna-
tive hypothesis that they are not equal. Furthermore, we
use the Hodges-Lehmann Estimator of Shift [2, p. 281f] for
determining the 95% confidence interval for the difference
between the two E(sx,i)-values.

A summary of the experimental results is shown in Tab. 4
and 5. For these results, we have restricted the number of
users so that under each of the experimental conditions the
same number of users contributed to the tag vectors. For
the German variant, we restricted it to the first 74 users of
each of the experimental conditions. For the English variant,
we restricted it to the first 115 users. Thus, we control that
different numbers of users do not cause the differences in the
results. Controlling for vocabulary size and number of tag
assignments only led to minor fluctuations in Tab. 4 and 5
so we omit the numbers here.

German Variant English Variant
E(sns,i)− E(spt,i) [0.0337, 0.0582] N/A

E(sut,i)− E(sns,i) [0.0584, 0.0955] [0.0106, 0.0434]

E(trns,i)−E(trpt,i) [−1.611,−0.691] [−2.403,−1.276]

E(trut,i)−E(trns,i) [−0.392, 0.3437] [−0.392, 0.2804]

Table 5: 95% confidence intervals for the differences
between the E(sx,i)-values and the E(trx,i) values un-
der the experimental conditions.

The exact method for computing the E(sx,i)-values is as
follows: Given a set of clusters which was provided by an
individual user, for all ten web pages we compute the re-
spective si-value. For example, in case of the German ex-
periment variant we overall have 216 sets of clusters which
have been provided by the users in this experiment variant.
Thus, the E(sx,i)-values for the German experiment variant
are each based on 10 · 216 = 2160 si-values.

When computing the E(sx,i)-values, we omit from our
analysis the si-values of web pages which are in a cluster
of size 1 in their respective set of clusters. The reason is
that in such a case ai and subsequently the si-value are not
well defined (see [12]). For example, in case of the German
experiment this excludes 334 of the 2160 si-values from our
experiment. Nevertheless, the tag vector of the respective
web page still takes part in the computation of the bi-value
for the si-values of the remaining web pages in the same set
of clusters. Furthermore, the si-value of the respective web
page may still be computed in the context of another set of
clusters where it is not in a cluster of size 1.

6.2.1 No Suggestions vs. Popular Tags
In the following, we test the effect of suggesting popular

tags on the average Silhouette Coefficient. For this purpose,
we compare the E(sns,i)-value for the No Suggestions condi-
tion to the E(spt,i)-value for the Popular Tags condition as
they are shown in Tab. 4. Because of the differences in the
perception of the web pages for the English variant of the
experiment (see Subsection 6.1) we can test Hypothesis 3
for the German experiment variant only.

For the German experiment variant, we can confirm that
E(spt,i) < E(sns,i). A two-tailed Mann-Whitney Test shows
that the difference between the E(sx,i)-values is significant
(T1 = 7.4157, n = m = 1798, p < 0.01). According to
the Hodges-Lehmann Estimator of Shift, suggesting popular
tags decreases the average Silhouette Coefficient by 0.0472
with a 95% confidence interval of [0.0337, 0.0582].

Thus, our experimental results show that recommending
the seven most popular tags of a resource has a significant
influence on the indexing quality. The results support Hy-
pothesis 3 that recommending the popular tags decreases the
inter-resource consistency in tagging systems.

6.2.2 No Suggestions vs. User Tags
Now, we test the effect of suggesting the user his/her own

previously used tags on the average Silhouette Coefficient.
We compare the E(sns,i)-value for the No Suggestions con-
dition to the E(sut,i)-value for the User Tags condition as
they are shown in Tab. 4. For both language variants of the
experiment, we can confirm that E(sns,i) < E(sut,i).

For both language variants, the two-tailed Mann-Whitney
Test shows that the difference between the E(sx,i)-values is
significant (German: T1 = −8.11, n = m = 1796, p < 0.01;



English: T1 = −3.0563, n = m = 1721, p < 0.01). For
the German variant, suggesting the user his/her own previ-
ously used tags increases the average Silhouette Coefficient
by 0.0775 with a 95% confidence interval of [0.0584, 0.0955].
For the English experiment variant, the average Silhouette
Coefficient increases by 0.0306 with a 95% confidence inter-
val of [0.0106, 0.0434].

Thus, our experimental results show that suggesting the
user his/her own previously used tags has a significant in-
fluence on the indexing quality. The results support Hypoth-
esis 1 that recommending the user’s tags increases the inter-
resource consistency in tagging systems.

6.3 Measuring the Inter-Indexer Consistency
In this subsection, we evaluate the hypotheses from Sec-

tion 4 which are related to the influence of tag suggestions
on the inter-indexer consistency, as it might be measured
by the average tag reuse rate E(trx,i) from Subsection 3.2.
We argue that in the presence of tag suggestions one can-
not automatically assume a positive correlation between the
inter-resource and the inter-indexer consistency. Thus, the
inter-indexer consistency is not suitable for measuring the
indexing quality in tagging systems if the users have been
influenced by tag suggestions. According to our hypotheses
from Section 4, we expect that the Popular Tags recom-
mender helps to increase the inter-indexer consistency. In
contrast, we expect that the User Tags recommender either
leads to a decreased or unchanged inter-indexer consistency.
Overall, we expect the following order of the E(trx,i)-values:

E(trut,i) ≤ E(trns,i) < E(trpt,i) (4)

6.3.1 No Suggestions vs. Popular Tags
In the following, we test the effect of suggesting popular

tags on the average Tag Reuse Rate. For this purpose, we
compare the E(trns,i)-value of the No Suggestions condition
to the E(trpt,i)-value of the Popular Tags condition as they
are shown in Tab. 4. For both language variants of the
experiment, we can confirm that E(trpt,i) > E(trns,i).

For both language variants, the two-tailed Mann-Whitney
Test shows that the difference between the E(trx,i)-values
is significant (German: T = 58, n = m = 10, p < 0.01; En-
glish: T = 55, n = m = 10, p < 0.01). For the German vari-
ant, suggesting popular tags increases the Tag Reuse Rate by
1.2274 with a 95% confidence interval of [0.6912, 1.6111]. For
the English variant, the average Tag Reuse Rate increases
by 1.7955 with a 95% confidence interval of [1.2760, 2.4027].

Thus, our experimental results show that the suggestion of
the seven most popular tags of a resource has a significant
influence on the inter-indexer consistency. The results sup-
port Hypothesis 4 that suggesting the popular tags increases
the inter-indexer consistency.

6.3.2 No Suggestions vs. User Tags
Now, we test the effect of suggesting the user his/her own

previously used tags on the average Tag Reuse Rate. We
compare the E(trns,i)-value for the No Suggestions condi-
tion to the E(trut,i)-value for the User Tags condition (see
Tab. 4). For both language variants of the experiment, we
can confirm that E(trut,i) ≤ E(trns,i).

For the German variant, we cannot reject the hypoth-
esis of observing equal E(trx,i)-values for the two condi-
tions (Mann-Whitney, T = 104, n = m = 10, p = 0.97
two-tailed). Accordingly, the 95% confidence interval for

E(trut,i) − E(trns,i) is [−0.392, 0.3437]. Also for the En-
glish variant, we cannot reject the hypothesis of observing
equal E(trx,i)-values for the two conditions (Mann-Whitney,
T = 113, n = m = 10, p = 0.57 two-tailed). In this
case, the 95% confidence interval for E(trut,i) − E(trns,i)
is [−0.392, 0.2804].

Thus, our experimental results support Hypothesis 2 that
E(trut,i) ≤ E(trns,i). Given the current data set, E(trut,i) =
E(trns,i) has to be favored over E(trut,i) < E(trns,i) because
the difference in the E(trx,i)-values is not significant.

7. DISCUSSION
In Section 6, we have presented the results how different

kinds of tag suggestions influence the inter-resource and the
inter-indexer consistency in tagging systems. But in our ex-
periment, we also discovered effects of tag suggestions which
cannot be measured by our proposed methodology because
in case of the English Popular Tags condition the sugges-
tions not only influenced the tag vectors but also the topical
clusters of the participants. It has been shown in Fig. 7 that
the participants of the Popular Tags condition have a sig-
nificantly higher probability to cluster The Onion according
to its humorous aspects than the other participants.

It seems plausible that these differences are due to the
influence of the tag suggestions. Indeed, under the English
Popular Tags condition, for 107 participants the list of sug-
gested popular tags contained the tag ”satire”. Additionally,
the tag ”fun”was contained 104 times in the list and ”humor”
89 times. We assume that these tags helped to increase the
likelihood of recognizing the humorous aspects of The Onion
and of clustering it with Patently Silly. It seems that seeing
the tags not only changed the users’ vocabulary for describ-
ing the resource but also how they understood it.

But why didn’t we observe a similar effect for the Ger-
man Popular Tags condition? It seems that in the German
experiment variant not enough participants recognized the
humorous aspects of The Onion in order to push such tags
into the list of popular tags. A possible reason is the over-
all lower probability of describing the humorous aspects of
The Onion in the German experiment variant (see Fig. 6).
Indeed, in the German Popular Tags condition the list of
popular tags contains only for one participant a tag related
to the humorous aspects, namely the tag ”lustig” (=funny).
Consequently, we do not observe an increased probability of
clustering The Onion with Patently Silly when compared to
the other German experimental conditions. Quite contrary:
The dominance of news related tags in the list of popular
tags for the German Popular Tags even decreases the proba-
bility of clustering The Onion with Patently Silly from 13%
for the other two German experimental conditions to 3%.

All in all, it thus seems that suggesting popular tags has
the potential to not only influence the tag vectors but also
how users understand web pages, i. e. tag suggestions may
lead to permanent learning effects as they are also discussed
in [4]. This may potentially have a positive effect on the
indexing quality but it is not measurable with our proposed
methodology of measuring the inter-resource consistency.
But our experiment also suggests that certain preconditions
have to be fulfilled for learning effects to occur: We only
observed it for a single web page and only in the English
experiment variant. It would be subject to further research
to identify these preconditions and to study in how far it is
a regular effect or rather an exception.



8. CONCLUSIONS
In this paper, we have discussed how to measure the influ-

ence of tag recommenders on the indexing quality of tagging
systems. We have proposed to use the inter-resource con-
sistency as the main target parameter to be optimized by
tag recommenders because it influences the precision and
recall of queries in a tagging system [19]. Improving the
inter-indexer consistency should only be a secondary target
of tag recommenders. We have applied our methodology for
measuring the inter-resource and inter-indexer consistency
for two exemplary baseline recommenders: (1) The Popular
Tags recommender which recommends the seven most pop-
ular tags of a resource, and (2) the User Tags recommender
which recommends a user his/her previously used tags.

During our user experiment with 582 participants, we
have contrasted our measure of the inter-resource consis-
tency with a measure of the inter-indexer consistency. In
the literature about tagging systems, the inter-indexer con-
sistency is often used as a measure of indexing quality. But
we have shown that the inter-indexer consistency is not
positively correlated with the inter-resource consistency if
users are influenced by tag recommendations. In case of
the popular tags, the recommendations increased the inter-
indexer consistency and decreased the inter-resource consis-
tency. For the user tags, the recommendations had no influ-
ence on the inter-indexer consistency while they increased
the inter-resource consistency.

From these results of the user experiment one can conclude
that the tag vectors of related resources get more dissimilar
to each other if popular tags are recommended. In contrast,
the tag vectors of related resources get more similar to each
other if the user tags are recommended. Thus, the user
tags would not only improve the retrieval results if a user
searches in his own collection, as one might expect, but also
if he searches for resources tagged by other users.

The only precondition for this positive effect during re-
trieval is that users have a similar judgment of the relevance
of resources to each other, i. e. that they form similar topical
clusters. But our results have also shown that this is rea-
sonable to assume because we couldn’t measure significant
differences in the topical clusters between our experimen-
tal conditions. The only exception was the English Popular
Tags condition but there this effect is restricted to a single
web page for which different ways of looking at it exist.

9. SUPPLEMENTAL MATERIAL
The data set from our user experiment can be downloaded:

http://west.uni-koblenz.de/Research/DataSets/tagging-

experiment/. The experiment interface is still accessible at
http://userpages.uni-koblenz.de/~klaasd/experiment/.
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