
Recommendation by Example
in Social Annotation Systems

Jonathan Gemmell, Thomas Schimoler, Bamshad Mobasher, and Robin Burke

Center for Web Intelligence
School of Computing, DePaul University

Chicago, Illinois, USA
{jgemmell,tschimoler,mobasher,rburke}@cdm.depaul.edu

Abstract. Recommendation by example is common in contemporary Internet
applications providing resources similar to a user-selected example. In this paper
this task is considered as a function available within a social annotation system
offering new ways to model both users and resources. Using three real-world
datasets we motivate several conclusions. First, a personalized approach outper-
forms non-personalized approaches suggesting that users perceive the similar-
ity between resources differently. Second, the manner in which users interact
with social annotation systems vary producing datasets with variable characteris-
tics and requiring different recommendation strategies to best satisfy their needs.
Third, a hybrid recommender constructed from several component recommenders
can produce superior results by exploiting multiple dimensions of the data. The
hybrid remains powerful, flexible and extensible despite the underlying charac-
teristics of the data.

Keywords: Social Annotation Systems, Resource Recommendation, Recommen-
dation by Example, Personalization, Hybrid Recommendation.

1 Introduction

Recommendation by example is a ubiquitous function of modern Web applications.
Users select a resource and the system provides an ordered list of similar resources. In
the context of music a user may be listening to a song and ask the system to recommend
related music. The characteristics of that resource may represent the user’s intention
better than textual keywords ever could. Selecting a song from the recommendation list
will in turn produce a new recommendation. In this manner the user can seamlessly
navigate through the resource space.

This type of recommendation is commonplace but typically it is not personalized.
While recommendation by example must take into account the selected resource, we
believe that the recommender engine must also take advantage of the user preferences.
Two users, by way of example, may ask for more movies like the Maltese Falcon.
One user may mean, “give me more hard-boiled detective movies” regardless of actor
or year. Another may mean, “show me more Humphrey Bogart movies” and may not
necessarily be focused on mysteries. A third may be satisfied with popular movies from
the 1940s. Leveraging a user’s profile the system can personalize the results in order to
identify similar resources from the viewpoint of the user.
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For our experimental study we restrict our analysis to a particular type of applica-
tion common in the Social Web, social annotation systems, in which users annotate
online resources with arbitrary labels often called tags. The user’s selection of which
tags to apply to a resource provides insights about which characteristic of the resource
are important to the user. Moreover if the user has applied identical tags to two differ-
ent resources we can assume that the two resources are similar from the viewpoint of
that user. Other users may describe those resources differently. Working under these as-
sumptions, social annotations systems permit an experimental methodology for study-
ing personalized recommendation by example.

In this paper several recommenders are evaluated. We use a recommender based
on cosine similarity as a starting point, a simple algorithm that one might expect in
a recommendation by example scenario. We further propose a linear weighted hybrid
which leverages several component recommenders. The hybrid permits the flexible in-
tegration of other recommenders with the cosine similarity model. These personalized
models based on collaborative filtering emphasize the user model rather than the model
of the example resource.

Our results conducted on three real world datasets reveal that 1) personalization im-
proves the performance of recommendation by example in social annotation systems,
2) the hybrid effectively exploits multiple components to produce superior results, 3)
differences in the datasets require an emphasis on different components and 4) the flex-
ibility of the proposed hybrid framework enables it to adapt to these differences.

The rest of the paper is organized as follows. In Section 2 we position our contri-
bution to the field with regard to similar efforts. In Section 3 we formalize the notion
of personalized resource recommendation by example and describe our linear-weighted
hybrid in addition to the components from which it is formed. Our experimental results
and evaluation follow in Section 4. Finally, we conclude the paper with a discussion of
our results.

2 Related Work

The recommendation by example paradigm has long been a core component of E-
commerce recommender and information retrieval systems [26,31]. Early important
approaches to the problem include association rule mining [1] and content-based clas-
sification [16]. Work by Salton and Buckley [23] demonstrated the importance of user
feedback in the retrieval process. Content-based filtering has been combined with col-
laborative filtering in several ways [2,3,20] in order to improve prediction effectiveness
for personalized retrieval. More generally, hybrid recommender systems [4] have been
shown to be an effective method of drawing out the best performance among several in-
dependent component algorithms. Our work here draws from this prior work in apply-
ing a hybrid recommender to the domain of social annotation systems and specifically
accommodating a recommendation by example query.

There has been considerable work on the general recommendation problem in social
annotation systems. Generalizable latent-variable retrieval model for annotation sys-
tems [30] can be used to determine resource relevance for queries of several forms.
Tagging data was combined with classic collaborative filtering in order to further filter
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a user’s domain of interest [27]. More recently, several techniques [12,13,17] have built
upon and refined this earlier work. None of these approaches, however, deal with the
possibility of resources themselves as queries.

Some work has been done in regards to resource-to-resource comparison in social
annotation, although little in the way of direct recommendation. Some have considered
the problem of measuring the similarity of resources (as well as tags) in a social an-
notation system by various means of aggregation [18]. An author-topic latent variable
model has been used in order to determine web resources with identical functional-
ity [21]. They do not, however, specifically seek to recommend resources to a particular
user, but rather simply enable resource discovery utilizing the annotation data.

Our own previous work regarding annotation systems has focused on the use of tag
clusters for personalized recommendation [11,29] and hybrid recommenders for both
tag [6] and resource [7,8,10] recommendation. Here we extend our examination of a
linear-weighted hybrid of simple algorithms for the specific problem of recommenda-
tion by example. This work further demonstrates the versatility and effective perfor-
mance of this framework.

3 Recommendation by Example in Social Annotation Systems

We define resource recommendation as the production of an ordered list of resources
likely to be of interest to a particular user. A special case of resource recommendation
is one in which the user supplies a resource as an example. The system is required to
recommend resources similar to the example. Taken as a sequence of recommendations
the user can navigate from resource to resource exploring the resource space. This type
of browsing is commonplace in applications recommending music, journal articles or
consumer products just to name a few.

A key conjecture in this work is that personalization can be used to improve the user
experience. Two users may perceive the similarity between resources differently. They
may, for example, like a particular song but for different reasons. One enjoys the guitar
solos. The other is influenced by the vocals. If these two users were to ask for similar
songs, the recommendation engine must accommodate the differences in their taste.

In this work we limit our investigation of recommendation by example to social
annotation systems, which enable users to annotate resources with tags. The collection
of users, resources and tags provide a rich environment for users to explore. We call this
space URT and view it as a three dimensional matrix in which an entry is 1 if u tagged
r with t and is 0 otherwise.

A recommendation by example algorithm in this domain takes the form φ(u, rq, r)
where u is the user, r is potential recommendation and rq is used by the recommender
engine as an example. This function assigns a real-valued score to each potential rec-
ommendation describing its relevance to the user and the query resource. A system
computing such a function can iterate over all possible resources and recommend the
resources with the highest scores. The final result relieves users from the burden of
information overload by providing a personalized view of the information space.

To tackle this problem we propose a linear-weighted hybrid algorithm constructed
from simple components. The components vary in the information they capture. The
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models based on cosine similarity, for example, ignore the user profile and focuses on
the example resource. The collaborative filtering algorithms focus more on the user
profile. The hybrid is able to aggregate these simply models into a cohesive whole.

In general terms the hybrid is composed of recommendation components κ1 through
κk, whose output is combined by computing a weighted sum [4]. We assume that each
component makes its own computation of the function φi(u, rq, r). The output is nor-
malized to be in the range [0..1]. Each component also has a weight αi in the same
range and we require that these values sum to 1. The hybrid is therefore defined as:

φ(u, rq, r) =
k∑

i=1

αiφi(u, rq, r) (1)

To ascertain the correct αi for each component we use a hill climbing technique,
which is both simple and efficient. A subset of the data is selected as a holdout set for
learning the algorithm parameters, including the α values. The α vector is initialized
with random positive numbers. The recommender then operates over the holdout set,
using the remaining data as training data. The accuracy of recommendations is calcu-
lated as described in Section 4.2. The vector is then randomly modified and tested again.
If the accuracy is improved, the change is accepted; otherwise it is most often rejected.
Occasionally a change to the α vector is accepted even when it does not improve the re-
sults in order to more fully explore the α space. Modifications continue until the vector
stabilizes. Then the α vector is randomly reset and learning proceeds again.

Now we turn to the components that make up our hybrid. Many of these components
rely on two-dimensional projections of the three dimensional annotation data [19]. Such
projections reduce the dimensionality of the data, but sacrifice some of its informa-
tional content. For example, the relation between resources and tags can be defined as
RT (r, t), the number of users that have applied t to r.

RT (r, t) =
∑

∀u∈U

URT (u, r, t) (2)

This notion strongly resembles the “bag-of-words” vector space model [24]. Similarly,
we can produce a projection UT in which a user is modeled as a vector over the set of
tags, where each weight, UT (u, t), measures how often a user applied a particular tag
across all resources. In all, there are six possible two-dimensional projections: UR, UT ,
RU , RT , TU , TR. In the case of UR, we have not found it useful to weight resources
by the number of tags a user applies, as this is not always indicative of the user interest.
Rather we define UR to be binary, indicating whether or not the user has annotated the
resource.

CSrt , CSru : Because users apply tags to resources, we can model resources as a
vector of tags as taken from RT . This allows us to measure the cosine similarity
between query resource and a potential recommendation. We call this technique
CSrt. However this approach is not personalized. Noticing that resources can also
be described as a vector of users described by RU we can again use cosine simi-
larity to judge the relevance of a resource to the example given by the user. We call
this technique CSru.
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KNNur , KNNut : These algorithms operate like the well-known user-based collab-
orative filtering algorithm [15,28]. We rely on a matrix of user profiles gathered
from UR or UT . Depending on which projection is used we describe the compo-
nent as either KNNur or KNNut. To make recommendations, we filter the poten-
tial neighbors to only those who have used the example resource rq . We perform
cosine similarity to find the k nearest neighbors and use these neighbors to recom-
mend resources using a weighted sum based on user-user similarity. Filtering users
by the query resource focuses the algorithm on the user’s query but still leaves a
great deal of room for resources dissimilar to the example. These approaches how-
ever are strongly personalized.

KNNru , KNNrt : These algorithms are analogous to item-based collaborative fil-
tering [5,25], which relies on discovering similarities among resources rather than
among users. The projections RU (resources as vectors of users) and RT (resources
as vectors of tags) are employed. This procedure ignores the query resource en-
tirely, instead focusing on the similarity of the potential recommendations to those
the user has already annotated. Again a weighted-sum is used as in common in
collaborative filtering.

Each of these algorithms exploits different dimensions of the data and each has their
own benefits and drawbacks. CSrt focuses on the similarity between two resources but
ignores the user preferences. KNNru and KNNrt disregard the query resource and
concentrates on the user history. Instead of attempting to integrate all dimensions of the
data into a single cumbersome algorithm we rely on the hybrid to leverage the benefits
of each of its component recommenders.

It should be noted that other integrative techniques have been proposed to leverage
multiple dimensions of the data. In particular graph based approaches such as Adapted
PageRank [14] and tensor factorization algorithms such as Pairwise Interaction Tensor
Factorization [22] (PITF ) have meet with great success in tag recommendation. How-
ever the computational requirements of Adapted Pagerank make it ill-suited for large
scale deployment; a Pagerank vector must be calculated for each recommendation.

PITF on the other hand offers a far better running time. Nevertheless adapting
the tag recommendation algorithm to resource recommendation is not straightforward.
First, PITF prioritizes tags from both a user and resource model in order to make rec-
ommendations thereby reusing tags. In resource recommendation the algorithm cannot
promote resources from the user profile as these are already known to the user. This
requirement conflicts with the assumptions of the prioritization model; all possible rec-
ommendation are in effect treated as negative examples.

Second, tensor factorization methods, PITF included, normally require an element
from two of the data spaces in order to produce elements from the third. For example
a user and resource can be used to produce tags. In recommendation by example the
input is a user and a resource while the expected output also comes from the resource
space. Furthermore in our investigation into tag-based resource recommendation [9], we
found that collaborative filtering algorithms often outperform PITF . A fundamental
advantage of the proposed linear weighted hybrid framework in comparison to other
integrative models is that it can be adapted to wide variety of recommendation tasks.
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4 Experimental Evaluation

In this section we describe the methods used to gather and pre-process our datasets.
Our evaluation metrics and methodology are described. We then examine the results for
each dataset, and finally draw some general conclusions.

4.1 Datasets

Our experiments were conducted using data from three large real-world social annota-
tion systems. On all datasets we generate p-cores [14]. When possible we constructed
20-cores from the datasets. If the dataset was not large enough to render a 20-core, we
instead constructed a 5-core.

Citeulike is a popular online tool used by researchers to manage and catalog journal
articles. The site owners make their dataset freely available to download. Once a 5-core
was computed, the remaining dataset contains 2,051 users, 5,376 resources, 3,343 tags
and 105,873 annotations.

Amazon is America’s largest online retailer. The site offers a myriad of ways for
users to express opinions of the products. Recently Amazon has added social annota-
tions to this list. After taking a 20-core of the data, it contained 498,217 annotations
with 8,802 users, 10,679 resource and 5,559 tags.

LastFM users upload their music profiles, create playlists and share their musical
tastes online. Users have the option to tag songs, artists or albums. The tagging data
here is limited to album annotations. A p-core of 20 was drawn from the data. It contains
2,368 users, 2,350 resources, 1,141 tags and 172,177 annotations.

4.2 Methodology

While recommendation by example is an important area of study there does not exist to
our knowledge social annotations datasets in which a user has explicitly stated he be-
lieves two items are similar. However in these systems a user applies tags to resources,
in effect describing it in a way that is important to the user. We work under the assump-
tion that if a user annotates two resources in the same way then these two resources
are from the viewpoint of the user similar. Segmenting the results into cases in which
one, two, three, four or five tags are in agreement allow us to analyze the results when
there is very high probability that two resources are similar (when a user applies several
similar tags to the resources) or when the probability is lower (when only a single tag
is applied to both resources).

For each data set, we evenly divide it into five equal partitions. Four partitions were
used as training data and the fifth was used for the learning of the parameters including
the number of neighbors for the collaborative filtering approaches and the α values
for the linear-weighted hybrid. That partition was then discarded and four-fold cross-
validation was performed using these remaining four partitions. One partition Ph was
selected as a holdout set and the remaining partitions served as training data for the
recommenders.

To evaluate the recommendation by example algorithms, we iterated over all anno-
tations in Ph. Each annotation contains a user, a resource and a set of tags applied by
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Table 1. The α values for the components of the linear-weighted hybrid

CSrt CSru KNNur KNNut KNNru KNNrt

Citeulike 0.332 0.014 0.145 0.037 0.046 0.426
LastFM 0.077 0.082 0.035 0.075 0.682 0.049
Amazon 0.129 0.004 0.402 0.085 0.088 0.291

the user to the resource. We compare these tags to the tags in the user’s annotations
from the training data. If there is a match we generate a test case consisting of the user,
the resource from the training data as the example resources and the resource from the
holdout data as the target resource. The example resource and target resource may have
one tag in common or several. We evaluate these cases separately looking at as many as
five matching tags.

We use recall to evaluate the recommenders. It measures the percentage of items in
the holdout set that appear in the recommendation set. Recall is a measure of complete-
ness and is defined as |Rh ∩ Rr|/|Rh| where Rh is a set containing the target resource
and Rr is the set containing the recommendations. We measure recall in the top 10 rec-
ommended items. Since each test case has only one target resource this measure is also
known as hit ratio. The results are averaged for each user, averaged over all users, and
finally averaged over all four folds.

4.3 Experimental Results

Figures 1 through 3 shows the results of our experiments. As per Section 4.2 we iden-
tify cases in which the user has annotated two resources with the same tags. Table 1
presents the learned α values of the component recommenders. The sum of these val-
ues is 1 and represents the relative contribution on the components. In the remainder of
this section we discuss each dataset individually before concluding our paper with the
general findings.

Citeulike. Citeulike users annotate journal articles. Its members are therefore mostly
comprised of researches using the system to organize their library of related work. They
often use tags drawn from their field and focus on articles within their area of expertise.
The result is relatively clean datasets with strong dimensions relating tags to users and
resources.

CSrt does very well as one might expect. The tags applied to resources are indicative
of their characteristics and using this data allows the algorithm to discover similar re-
sources. KNNrt is the second best performing component. This result is perhaps more
surprising since it completely ignores the example resource. However this result is ex-
plainable by the nature of the user interactions found in Citeulike; users are focused on
their area of expertise. Resources and tags in the user profile are strongly indicative of
the user’s interest making the user profile quite focused.

When performing item-based collaborative filtering in Citeulike it appears better
to model resources as tags rather than users as shown by the relative performance of
KNNru and KNNrt. Likewise the cosine similarity model which describes resources
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Fig. 1. Citeulike: The hit-ratio for six recommendation by examples algorithms for cases where
there is an agreement of one through five tags. The hybrid is composed of all six techniques.

as tags outperform the method which models them as users. These results underscore
the care which users exhibit when assigning keywords to resources, likely because they
employ Citeulike to organize resources for latter retrieval.

The hybrid outperforms its constituent parts by as much as 5 percent. The α values
shown in Table 1 reveal that the hybrid relies most strongly on CSrt and KNNrt

the two strongest individual components. Yet KNNur also makes a strong showing
accounting for almost 15% of the hybrid. This result shows that even though a technique
may perform poorly alone, it may contribute unique information to a hybrid.

LastFM. LastFM users share their musical tastes and discover new music online. The
site has evolved considerable overtime, but still allows its users to tag music (songs,
artists or albums). As opposed to Citeulike its users take considerably less care when
applying tags to resources. Generic tags such as ‘rock’ or non-descriptive tags such
as ‘album i own’ are common. More often however the users interact with one another
explicitly forming friendships, joining groups, comparing music tastes or browsing each
other’s profiles. This observation is confirmed in the relative performance of CSrt and
CSru as well as KNNru and KNNrt. The user space is far more developed and
modeling resources as users produces better results than modeling them as tags.

The collaborative approaches KNNru and KNNur which largely ignores the ex-
ample resource outperforms the cosine similarity models which focuses entirely on the
example. This result implies that in the music domain a user’s profile is more important
than the example he provides in a recommendation by example scenario.
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Fig. 2. LastFM: The hit-ratio for six recommendation by examples algorithms for cases where
there is an agreement of one through five tags. The hybrid is composed of all six techniques.

The hybrid again outperforms its individual components again by as much as 5 per-
cent. However, the contributions of the components differ. The hybrid is dominated by
KNNru and the remaining components offer single digit contributions. In contrast to
Citeulike which has several strong dimensions, LastFM’s data is narrowed to the user-
resource dimension. The remaining components play a small roll in the hybrid, but
their complimentary information provide enough additional information to improve the
performance of the hybrid.

Amazon. At the Amazon Web site customers are allowed to tag products. Often these
tags are drawn from the product description such as ‘HDTV’. Also the product space
is easily separable – clothes and books, or mysteries and romance. Customers often
focus on a few of these interests rather than annotating several disparate items. These
characteristics make the Amazon data an easier target permitting as much as 70 percent
hit ratio.

The simple components whether they draw on the relation between users and re-
sources or resources and tags all perform equally well. Their equivalent performance
might lead one to think that they are interchangeable. To the contrary when aggregated
into a hybrid the proposed framework is able to leverage the benefits offered from each
component. The individual components are exploiting different dimensions of the data.

While the hybrid outperforms its components once again we also see that it relies
on different algorithms to do so. KNNur is the dominate recommender followed by
KNNrt. This is suggested by an understanding of how users interact with the Web site.
They focus on particular domains forming a strong user-resource relation. Moreover
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Fig. 3. Amazon: The hit-ratio for six recommendation by examples algorithms for cases where
there is an agreement of one through five tags. The hybrid is composed of all six techniques.

they often use preconceived tags generated strong user-tag and resource-tag connec-
tions. These two component, leveraging different dimensions of the data, work together
in order to offer meaningful advantages to the hybrids.

5 Conclusion

In this work we have investigated recommendation by example for use in social an-
notation systems. This type of user interaction offers a great deal of utility to users as
they explore very large resource spaces. Our belief that personalization is important to
satisfying the user’s needs is confirmed with experimentation using three real world
datasets. In order to blend the benefits of personalization with techniques focused on
the example we proposed a linear-weighted hybrid. The hybrid was able to effectively
exploit multiple components to produce superior results even though differences in the
datasets required an emphasis on different components.

Our proposed linear-weighted hybrid offers additional advantages. It can exploit
multiple dimensions of the data, while maintaining the speed and simplicity of if its
parts. Second, it is extensible allowing additional components based on the underlying
data. For example, systems that include ratings or allow users to generate friendship
links can exploit this information by adding additional components to the hybrid. Fi-
nally, by analyzing the relative contributions of the components one can gain insights
into how the components interact and reveal interesting patterns of user behavior.
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