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Abstract Personalized tag recommendation focuses on helping users find desirable
keywords (tags) to annotate Web resources based on both user profiles and main
resource characteristics. Flickr is a popular online photo service whose resource
sharing system significantly relies on annotations. However, recommending tags
to a Flickr user who is annotating a photo is a challenging task as the lack of a
controlled tag vocabulary makes the annotation history collection very sparse.

This chapter presents a novel rule-based personalized tag recommendation
system to suggest additional pertinent tags to partially annotated resources. Rules
represent potentially valuable correlations among tag sets. Intuitively, the system
should recommend tags highly correlated with the previously annotated tags. Unlike
previous rule-based approaches, a WordNet taxonomy is used to drive the rule
mining process and discover rules, called generalized rules, that may contain either
single tags or their semantically meaningful aggregations. The use of generalized
rules in tag recommendation makes the system (1) more robust to data sparsity
and (2) able to capture different viewpoints of the analyzed data. Experiments
demonstrate the usefulness of generalized rules in recommending additional tags
for real photos published on Flickr.

1 Introduction

Social networks and online communities allow creating and managing annota-
tions to categorize and index the resources published by the community users.
Tags are keywords that provide meaningful descriptors of the Web resources
(e.g., bookmarks, photo, academic articles). Their usefulness has been recently
demonstrated in a number of research contexts, e.g., Web content indexing [3],
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multimedia data retrieval [10], and enterprise Web searches [12]. When dealing
with multimedia content (e.g., images or videos) for which the amount of available
textual content is limited, tags play an even more important role in Web searching
and browsing.

The popularity of Web tagging sites (e.g., Delicious [11], Flickr [14],
and Zooomr [36]) has prompted the need of novel and more effective recom-
mendation systems to support users in resource annotation by suggesting novel and
pertinent tags. Recommendations may be either personalized, i.e., dependent on
the user who is tagging the resource, or collective (user-independent). A significant
research effort has been devoted to addressing personalized tag recommendation for
Flickr photos [15,25,29]. However, the lack of a controlled vocabulary from which
tags could be selected during the annotation process makes the set of previously
assigned annotations very sparse. Thus, results provided by the mostly used
information retrieval or data mining techniques may become unreliable. Indeed,
the problem of personalized Flickr tag recommendation is a challenging task.

This chapter presents a novel personalized Flickr tag recommendation system
that suggests additional tags to partially annotated Flickr photos. To this aim, it
discovers strong generalized association rules from the personal and the community-
based sets of past annotations and exploits them to support the process of tag
recommendation. An association rule [2] is an implication A ) B , where A and B

are itemsets (sets of items) named, respectively, as rule antecedent and consequent.
In the context of tag recommendations, any item is associated with a distinct tag
assigned by a user, while each transaction belonging to the source data is associated
with a specific annotation made by user to a given photo and is composed of a set
of tags. A rule A ) B may be used to recommend one or more tags contained
in B if the given photo has already been annotated with the tags in A. A WordNet
taxonomy is used to define a hierarchy of is-a or is-part-of aggregations built over
the tags occurring in the source data. For instance, based on the WordNet taxonomy,
a tag (e.g., Rome) may be generalized as its corresponding geographical aggregation
Italy, while Europe may be considered a generalization of both of them. Items
relative to aggregated values (e.g., Italy) are also called generalized items and denote
high-level tag generalizations. The generalization level of a node (i.e., a tag or an
aggregation) indicates the length of the path on the taxonomy from the node to a leaf.
For instance, in the above-mentioned example, Italy has generalization level 1 while
Europe has level 2. This chapter proposes to exploit WordNet taxonomies to drive
the rule mining process and discover rules A ) B , called generalized rules [30], in
which itemsets A and B may include either single tags (items) or their aggregations
(generalized items). To make the generalized rule extraction problem tractable in
real-life cases, only a subset of all the possible generalized rules is usually extracted.
Selected generalized rules A ) B are characterized by the following properties:
(a) the observed frequency of occurrence of the itemset A [ B in the analyzed
data, called support, is above a given threshold and (b) the conditional probability
of occurrence P.BjA/ in the source data, called confidence, is above a given
threshold. A (generalized) rule that satisfies (a) is said to be frequent. Differently,
a (generalized) rule that satisfies both (a) and (b) is said to be strong. The use of
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generalized rules may allow effective coping with sparse data collections as well as
provides different viewpoints of the analyzed data, as shown in the following with
the help of a toy example.

Consider, as running example, a photo of the Colosseum, the famous Roman
amphitheater situated in the center of the city of Rome (Italy). An example of
not generalized association rule may be Rome ! Colosseum, where Rome and
Colosseum are tag examples. If the user has already annotated the photo with
Rome, Colosseum is an example of subsequent tag to recommend. However, if
the collection is very sparse, the rule is likely to be infrequent in the collection
of the past annotations, and thus it is not extracted. The use of a taxonomy that
generalizes the tag Rome as the corresponding state Italy may allow the extraction
of a generalized rule Italy ! Colosseum that suggests the same annotation while
considering a higher-level viewpoint the latter tag correlation.

To select the most relevant tags to recommend, two distinct rule sets are
generated: (1) a personalized rule set, which includes the generalized rules extracted
from the past annotations made by the user to which the recommendation is
targeted, and (2) a community-based rule set, which includes the generalized rules
mined from the past annotations made by the community. Tags contained in the
consequents of the selected rules are ranked based on the confidence value of the
corresponding rules. The ranking process is driven by a newly proposed metrics
that weighs differently the rules extracted from the personal and community-based
collections. Experiments, reported in Sect. 4, show that the best tag recommendation
performance were achieved when giving higher importance to the confidence of the
rules extracted from the personal annotations than those mined from the community-
based annotations.

The effectiveness of the proposed system has been validated on a real photo
collection retrieved from Flickr. The use of generalized rules allows improving the
performance of the state-of-the-art approaches.

This chapter is organized as follows. Section 2 overviews the most relevant
related works concerning tag recommendation and generalization rule mining.
Section 3 presents the framework of the proposed recommender system and
describes its main blocks. Section 4 assesses the effectiveness of the system in
providing personalized tag recommendations, while Sect. 5 draws conclusions and
presents future developments of this work.

2 Previous Work

A recommender system helps users find desirable products or services by analyzing
user interests and behaviors. Overviews of the most recently proposed recommen-
dation systems are given in [1, 21, 26]. In the last years, a relevant effort has
been devoted to the development of novel and more effective tag recommendation
systems. This chapter specifically addresses the issue of personalized tag recom-
mendation by means of generalized association rules. In the following, we present
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and compare the main state-of-the-art works concerning tag recommendation (see
Sect. 2.1) and generalized association rule mining (see Sect. 2.2) with the proposed
approach.

2.1 Tag Recommendation

The popularity of social networks and online communities (e.g., Delicious [11],
Flickr [14], and Zooomr [36]) has increased the attention to the problem of
recommending Web resource annotations, i.e., the tags. More specifically, tag
recommendation is focused on suggesting pertinent tags to users who are annotating
a Web resource. The suggestion may be either personalized, i.e., dependent on the
user who is annotating the resources or not, i.e., exclusively based on the collective
knowledge.

Several approaches have been proposed to address personalized tag recommen-
dation. For instance, content-based filtering methods [9,22] focus on recommending
tags that are similar to those that a user annotated in the past (or is annotating in
the present). They commonly analyze the characteristics of the recommended tags
to generate detailed user profiles. Tag relevance and user similarity are commonly
evaluated by exploiting information retrieval or data mining techniques. In [22],
tags for Delicious bookmarks are recommended by evaluating the cosine similarity
among tags and by considering both the cases in which prior tag information
is available or not. Differently, in [9], the authors present an application for
large-scale automatic generation of personalized annotation tags. They propose
an algorithm, named P-TAG, that automatically extracts personalized keywords as
tags from bookmarked Web page contents to generate personalized Web document
recommendations. Tags are selected based on their relevance to the textual content
of the target Web page as well as to the documents residing on the surfer’s Desktop.

The use of collaborative filtering approaches in personalized tag recommendation
has been addressed in [20, 23, 28]. They collect and analyze a large amount of
information on user behaviors, activities, or preferences to predict what users will
like based on their similarity to other user features. To this aim, they commonly
rely on the assumption that similar users share similar tastes. For instance, in [23],
the authors address post tag recommendation by combining, similar to [28], a
collaborative filtering method with information retrieval techniques for evaluating
the similarities between posts, users, and tags. A hybrid approach that combines a
collaborative filtering method with a content-based analysis is proposed in [20].
This system tunes its parameters based on the user feedback to better suit the
user preferences. Differently, the combined usage of collaborative filtering and
graph-based indexing algorithms is addressed in [18, 33]. In particular, in [18], a
user-resource-tag (URT) graph is analyzed by means of an ad hoc indexing strategy
derived from the popular PageRank algorithm [7], while in [33], singular value
decomposition (SVD) methods are applied to reduce the sparsity of the generated
graphs. In [15], an interactive approach to Flickr tag recommendation is proposed.

Delicious
Delicious


A Rule-Based Flickr Tag Recommendation System 173

Suggested tags are first selected according to the set of previously assigned tags
based on co-occurrence measures. Next, based on the suggestion, the candidate set
is narrowed down to make the suggestion more specific. To overcome challenges of
co-occurrence and graph-based measures due to the sparsity of the analyzed data,
this chapter proposes to exploit associations at different abstraction levels.

A parallel research issue has been devoted to addressing the problem of collective
tag recommendation [17,19,29]. The most commonly used approaches are based on
co-occurrence measures. For instance, authors in [29] propose a Flickr tag recom-
mendation system that analyzes tag co-occurrences in the collective past annotation
collection to suggest additional tags to partially annotated resources. Authors in [25]
extend the previous approach to the context of personalized recommendation by
combining the knowledge coming from different contextual layers (i.e., personal,
collective, and group levels). Differently, the system presented in [19] specifically
tackles the cold start problem, i.e., the annotation of not previously annotated
resources, by using latent dirichlet allocation (LDA). Unlike [19], this chapter
specifically addresses, similar to [25,29], the task of tag recommendation to partially
annotated Flickr photos by using generalized rules instead of traditional rules or co-
occurrence measures. Authors in [17] reformulate the task of content-based tag
recommendation as a (supervised) classification problem. Using page text, anchor
text, surrounding hosts, and available tag information as training data, they build
a classifier for each tag they want to predict. The main drawback of the proposed
approach is that the overall training time may become very high when the cardinality
of the considered tags increases. In the same work, the use of association rules in
tag recommendation has been also proposed. Unlike [17], this chapter proposes to
overcome the limitations of traditional association rules in coping with sparse data
collections by aggregating tags at different abstraction levels according to the given
generalization hierarchies.

2.2 Generalized Association Rule Mining

Association rule mining is a widely used exploratory data mining technique,
introduced in [2] in the context of market basket analysis, to discover valuable
correlations among data. To focus on rules that are relatively strong, i.e., the
ones that frequently occur in the source data and hold in most cases, the mining
phase is commonly driven by two main rule quality indexes, i.e., the support and
the confidence indexes. However, in some cases, this approach is not effective in
discovering relevant data recurrences due to the excessive level of detail of the
hidden information. Generalized rules have been first introduced in [30] to address
rule mining in the presence of taxonomy. By evaluating a taxonomy built over
the data items, items are aggregated into higher-level (generalized) concepts. Each
generalized itemset is a high-level representation of a set of “lower level” itemsets
according to the given taxonomy. The first generalized association rule mining
algorithm [30] generates itemsets by considering, for each item, all its parents in
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a taxonomy. Hence, candidate frequent itemsets are generated by exhaustively eval-
uating the taxonomy. To reduce the mining complexity, several optimizations have
been proposed (e.g., [4,16,24,31,32]). Furthermore, the application of generalized
itemsets or rules in different application contexts has been recently investigated as
well (e.g., network traffic analysis [4, 6], context-aware systems [5, 8]). Unlike any
previously mentioned approaches, this chapter proposes to exploit generalized rules
to accomplish the personalized tag recommendation task.

3 The Rule-Based Recommendation System

This chapter presents a novel personalized tag recommendation system. Given a
photo and a set of user-defined tags, the system proposes novel pertinent tags based
on both the personal user preferences, i.e., the tags already annotated by the same
user, and the community-based knowledge, i.e., the annotations provided by the
other users. Its main architectural blocks are shown in Fig. 1. A brief description of
each block follows.

Tag set data representation. This block aims at making the history collection of
the previously assigned tags suitable for the rule mining process. The tag set is
tailored to a transactional data format, where each transaction corresponds to an

Fig. 1 The recommendation system architecture
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annotation performed by a user to a given photo and includes the corresponding
set of assigned tags. To allow generalizing tags as the corresponding high-level
categories, a set of hierarchies of aggregations (i.e., the generalization hierarchies)
built over the analyzed tags is derived from the WordNet [30] lexical database.

Generalized association rule mining. This block focuses on discovering high-
level correlations, in the form of generalized association rules, from the transactional
representation of the past annotation collection. The tag generalization hierarchies
are exploited to aggregate tags at higher abstraction levels. Two distinct generalized
rule sets are generated: (1) a personalized rule set, which includes the generalized
rules extracted from the past annotations made by the user to which the recom-
mendation is targeted and (2) a community-based rule set, which includes the
generalized rules mined from the collective knowledge (i.e., the photo annotations
of the other users).

Candidate tag discovery and evaluation. Given a photo and a set of tags already
assigned by the user, this block aims at generating a ranked list of suggested tags.
To this aim, the selection of the tags pertinent to the previously annotated ones is
driven by the personalized and community-based rules.

This section is organized as follows. Section 3.1 formally states the recommenda-
tion task addressed by this chapter, while Sects. 3.2, 3.3, and 3.4 thoroughly describe
the main blocks of the recommendation system separately.

3.1 Problem Statement

Given a set of photos P , a set of tags T , and a set of users U , the ternary relation
X = P �T �U represents the user-specific assignments of tags in T to photos in P .
We denote as T (pi ,uj ) � T the set of tags assigned by the user uj to an arbitrary
photo uj , where uj 2 U and pi 2 P . It could be defined as follows:

T .pi; uj/ D �t�pi ;uj X (1)

where � and � are the commonly used projection and selection primitive operators
of the relational algebra [13].

To discriminate between past assignments made by user uj and those made by
the other users, the ternary relation X may be partitioned as follows:

X.uj / D �t �uj X (2)

X.:uj / D �t �U nuj
X (3)

Given a set �(pi ,uj ) of user-defined tags and the personal and community-based
knowledge X.uj / and X.:uj /, the Flickr personalized tag recommendation task
addressed by this chapter focuses on suggesting to user uj new tags in T n �(pi ,uj )
for a photo pi .
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3.2 Tag Set Data Representation

Flickr [14] is an online photo-sharing system whose resources are commonly
annotated by the system users. The use of association rule mining techniques
is particularly suitable for discovering correlations hidden in large real-life tag
annotation collections [17]. This chapter investigates the use of an established data
mining technique, i.e., generalized association rule mining [30], in recommending
tags to partially annotated Flickr photos. Since, in real cases, photo annotations
are commonly unsuitable for being directly analyzed by means of data mining
algorithms, a preprocessing step is needed.

The collection of past Flickr photo annotations is tailored to a transactional data
format. A transactional dataset is a set of transactions, where each transaction is
a set of items of arbitrary size. To map the tag set to a transactional data format,
the annotations made by a user to a given photo are considered as a transaction
composed of the set of (not repeated) assigned tags. More formally, given a ternary
relation X (Cf. Sect. 3.1), any tag set �.pi ; uj / generated from X is considered
as a transaction. For instance, if the user uj assigns to the photo pi the tags
Colosseum and Rome, the corresponding transaction becomes fColosseum, Romeg.
The transactional dataset D is the set of all distinct �.pi ; uj / occurring in X , i.e.,
the full list of the past annotations.

Given a user uj to which the personalized tag recommendation is targeted, the
transactional dataset D is partitioned between the annotations made by uj and not
denoted as D.uj / and D.:uj / are generated. The separate analysis of D.uj / and
D.:uj / allows the discovery of both user-specific and collective recurrences, in the
form of generalized rules.

To enable the process of generalized rule mining process, a WordNet taxonomy
composed of set of hierarchies of aggregations (generalizations) over the tag set
T is built. The WordNet lexical database [30] is queried to retrieve the most
relevant semantic relationships holding between a tag in T and any other term. More
specifically, hyponyms (i.e., is-a-subtype-of relationships) and meronyms (is-part-
of relationships) are considered. All the terms that belong to these relationships are
generalizations of the original tag. For instance, consider again the tag Rome. If the
following semantic relationship is retrieved from the WordNet database

<Rome> <is-part-of> <Italy>

then the term Italy is selected as the upper level generalization (aggregation)
of the tag Rome. Tag generalizations may be further aggregated into high-level
categories. For instance, the semantic relationship < Italy > < is � part � of >

< Europe > prompts the selection of Europe as generalization of Italy and Rome.
The generalization level of a tag (or a tag aggregation) is defined as the length of the
path on the taxonomy hierarchy from the corresponding node to a leaf. Recalling
the previous example, Europe has generalization level 2 as the path from Europe to
Rome has length two. Differently, Rome has level 0 because it is already a leaf of
the taxonomy. Notice that the generalization relationship of two tags (or tag sets)
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holds even if they are not characterized by consecutive generalization levels. For
instance, Europe is considered one of the possible generalizations of Rome as well.
The generalization of an itemset (i.e., a tag set) is defined as the maximum among
the levels of its items (tags). For instance, since fColosseum, Italyg is composed of
one item with level 0 and one item of level 1, its generalization level is 1.

3.3 Generalized Association Rule Mining

This block focuses on discovering high-level correlations among tags, in the form
of generalized association rules, from the transactional representations of the tag
sets D.uj / and D.:uj /. Strong association rules represent implications among tags
or tag sets that frequently occur and almost hold in the source data [2]. More
specifically, an association rule is an implication A ! B , where A and B are
itemsets (i.e., sets of data items). In the transactional representation of the tag set,
items are tags in T associated with any photo included in the collection.

In the context of tag recommendation, generalized association rules [30] are
association rules that may include either tags or their high-level aggregations, also
denoted as generalized items. By considering the taxonomy built over the tag set
(Cf. Sect. 3.2), any concept that aggregates one or more tags in T at a higher
level of generalization is considered as a semantically meaningful tag aggregation.
For instance, consider again the semantic relationship <Rome> <is-part-of >

<Italy>. If Rome is a tag that occurs in the analyzed data, Italy is an example
of tag aggregation (generalized item). Similarly, generalized itemsets are itemsets
including at most one aggregation (e.g., fColosseum, Italyg). Generalized itemsets
are characterized by a notable quality index, i.e., the support, which is defined
in terms of the itemset coverage with respect to the analyzed data. A generalized
itemset I covers a given transaction d 2 D if all its (possibly generalized) items
x 2 I are either included in d or ancestors (generalizations) of items i 2 d . Given a
transaction dataset D and a (generalized) itemset I , the support of I is given by the
ratio between the number of transactions d 2 D covered by I and the cardinality
of D.

The concept of generalized association rule extends the traditional association
rules to the case in which they may include either generalized or not generalized
itemsets. A generalized association rule is represented in the form A ! B , where A

and B are two (generalized) itemsets that are named, respectively, as the body and
the head of the rule. Similarly, A and B are also denoted as rule antecedent
and consequent. Generalized association rule extraction is driven by rule support
and confidence quality indexes. The support of a generalized rule is defined as the
observed frequency of occurrence of A [ B in the source dataset. The confidence
of a rule A ! B is the conditional probability of occurrence of the generalized
itemset B given A and represents the strength of the implication. For instance, the
generalized association rule fColosseum ! Italyg characterized by support equal
to 10 % and confidence equal to 88 % states that the tag Colosseum co-occurs with
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the tag generalization Italy in 10 % of the transactions (photo annotations) of the
collection and the implication holds in 88 % of the cases.

The generalized association rule mining task is usually accomplished by means
of a two-step process [30]: (1) generalized itemset mining, driven by a minimum
support threshold minsup and (2) generalized association rule generation, starting
from the set of previously extracted itemsets, driven by a minimum confidence
threshold minconf. A generalized association rule is said to be strong if it satisfies
both minsup and minconf [2].

Given a set of generalization hierarchies built over the tags in T , a minimum
support threshold minsup, and a minimum confidence threshold minconf, the
generalized rule mining process is performed on D.uj / and D.:uj / separately.
More specifically, given a photo pi , a user uj , and a set of user-specific tags
�(pi ,uj ), the main idea behind our approach is to treat strong high-level correlations
related to annotations made by the user uj differently from that made by the other
users. To this aim, two distinct rule sets are generated: (1) a personalized rule
set RD.uj /, which includes the strong generalized rules extracted from the past
annotations made by the user to which the recommendation is targeted and (2) a
community-based rule set RD.:uj /, which includes all the strong generalized rules
mined from the past annotations made by the other users.

To perform generalized rule mining from the tag history collections, we exploit
our more efficient implementation of the Cumulate algorithm [30]. However,
different algorithms may be easily integrated as well.

3.4 Candidate Tag Discovery and Evaluation

Given a photo pi , a set of user-defined tags �(pi ,uj ) already assigned by user
uj , and the sets RD.uj / and RD.:uj / of generalized rules mined, respectively, from
D.uj / and D.:uj /, this block entails the selection and the ranking of the tags to
recommend to uj for pi . In the following, we discuss how to tackle the candidate
tag selection and ranking problems separately.

3.4.1 Candidate Tag Selection

The selection step focuses on identifying additional tags, pertinent to the user-
specified tag set �(pi ,uj ), based on the previously generated rule sets. To guarantee
the pertinence of the candidate tags, for each photo pi only the subset of the
personalized and community-based rules including tags in �(pi ,uj ) in their ancedent
are considered. More specifically, the candidate tag selection step exclusively
considers the strong generalized rules in RD.uj / and RD.:uj / whose (1) rule
antecedent exactly covers, at any level of abstraction, the tag set �(pi ,uj ) (or any
of its subsets) and (2) rule consequent includes an arbitrary set of not generalized
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Table 1 Generalized rules used for recommending to user uj tags subsequent to
Rome

ID Generalized rule Support (%) Confidence (%)

Annotations made by user uj (RD.uj /)

1 fRomeg ! fColosseumg 25 100
2 fRomeg ! fHistoryg 17 85

Annotations made by the other users (RD.:uj /)

3 fRomeg ! fColosseum; Gladiatorg 15 95
4 fI talyg ! fRoman Ageg 23 80

items (tags). The coverage of a tag in �(pi ,uj ) may be due to the presence in the
rule antecedent of either an exact matching (i.e., the same tag) or one of its higher-
level generalizations. Any rule that does not fulfill the above-mentioned constraints
is not considered in the subsequent ranking process. The set of tags that occur in the
selected rule consequents is chosen as set of candidate recommendable tags.

Consider, for instance, a photo pi annotated by user uj with the tag Rome. In
Table 1 is reported the selection of generalized rules, fulfilling the above-mentioned
constraints, that has been taken from the set of rules mined from the personalized
collection D.uj / and community-based one D.:uj /. In this example, we exploit
the generalization hierarchies described in Sect. 3.2, and we enforce, respectively,
a minimum support threshold equal to 15 % and a minimum confidence threshold
equal to 50 %.

Readers could notice that any selected rule must have (1) as rule antecedent,
either the user-specified tag Rome or its generalization Italy, and (2) as rule
consequent, an arbitrary set of (not generalized) tags. Tags occurring in the rule
consequents include the potentially relevant tags to recommend. Recalling the
previous example, the set C of candidate tags is fColosseum, History, Gladiator,
Roman Ageg. Notice that a single rule may include one or more candidate tags (e.g.,
Colosseum and Gladiator co-occur in the consequent of the rule (3)).

The generalization process prevents the discarding of potentially relevant knowl-
edge. In fact, it allows also recommending tags contained in the consequent of
rules having as antecedent a generalization of the user-defined tags. For instance,
the generalized rule I taly ! Roman Age mined from RD.:uj / suggests to
recommend the tag Roman Age subsequently to Rome. Indeed, even if the rule
Rome ! Roman Age is infrequent with respect to the minimum support threshold
in RD.:uj / (possibly because of the sparsity of the personal annotation collection),
the co-occurrence between Roman Age and Rome does not remain hidden.

Consider now the case in which the set of user-specified tags �(pi ,uj ) is fRome,
Roman Empireg. Rules including as antecedent the tag set fRome, Roman Empireg
or any of its subsets belonging to any abstraction level (e.g., Rome, Italy) are
deemed worth considering in the selection of the candidate tags. For instance,
I taly; Roman Empire ! Roman Age may be considered to recommend the
tag Roman Age as well.
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3.4.2 Candidate Tag Ranking

The last but not the least task in tag recommendation is the ranking of the candidate
tags in C to recommend to uj for pi . The tag ranking should reflect (1) their
significance with respect to the user-defined tags, (2) their relevance according to the
personal user preferences, and (3) their relevance based on the collective knowledge.

To take the correlation with the previously annotated tags into account, we
propose a ranking strategy that evaluates the candidate tags in terms of the
interestingness of the rules in RD.uj / and RD.:uj / from which they have been
selected. Generalized rule interestingness is evaluated in terms of its confidence
index value [2], i.e., the rule strength in the analyzed dataset (see Sect. 3.3). Based
on the assumption that personal recommendations frequently assigned by user uj

might be weighted differently from that made by the other users, we evaluate the
contribution of each rule set separately and then we properly combine the resulting
scores.

More formally, let c 2 C be an arbitrary candidate tag and Rc
D.uj / � RD.uj /

and Rc
D.:uj / � RD.:uj / be, respectively, the subsets of rules in RD.uj / and RD.:uj /

whose antecedent covers c (at any level of abstraction). The ranking score of c is
defined as follows:

rankscore.c/ D � �
P

ruj 2Rc
D.uj /

conf.ruj /

jRc
D.uj /j

C .1��/ �
P

r
:uj 2Rc

D.:uj /
conf.r:uj /

jRc
D.:uj /j

(4)

where � 2 [0,1] is a user-provided algorithm parameter.
Relatively speaking, when � > 0:5 the impact of the confidence value of the rules

occurring in Rc
D.uj / is higher than that in Rc

D.:uj /, i.e., preferences given by user uj

are deemed more significant than those given by the other users. Oppositely, in case
� < 0:5 user uj preferences are averagely penalized. An analysis of the impact of �

on the performance of the proposed recommendation system is reported in Sect. 4.
The recommendation system returns the set C of selected tags sorted by the

ranking score reported in Eq. 4.

4 Experimental Results

We performed a set of experiments addressing the following issues: (1) a perfor-
mance comparison between our system and a set of recently proposed approach, (2)
the impact of the generalization process on the recommendation process, and (3) the
analysis of the recommendation system parameters.

This section is organized as follows. Section 4.1 describes the characteristics of
the photo collection exploited in the experimental evaluation. Section 4.2 describes
the experimental design and introduces the evaluation metrics adopted for the
performance evaluation. Section 4.3 compares the results achieved by our system



A Rule-Based Flickr Tag Recommendation System 181

California
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Bay of 
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Fig. 2 Portion of an example
generalization hierarchy built
over the photo collection tags

with that achieved by the system presented in [25] and a baseline version of our
approach that does not exploit generalized rules. Finally, Sect. 4.4 analyzes the
impact of the system parameters on the recommendation performance.

4.1 Photo Collection

To evaluate the performance of our approach we retrieved, by means of the Flickr
APIs, 2,300 real photos, each one annotated with at least 5 tags by a set of 30
users. The selected photos were chosen based on a series of high-level geographical
topics, i.e., New York, San Francisco, London, and Vancouver. By following the
strategy described in Sect. 3.2, a set of generalization hierarchies is derived from
the WordNet lexical database over the collected photo tags. A portion of one of the
generated generalization hierarchies is reported in Fig. 2.

To evaluate the effectiveness of our system in coping with heterogeneous photo
annotations, the considered photo collection is ensured to be unevenly distributed
among the analyzed upper level tag categories.

4.2 Experimental Design

Since our system retrieves a ranked list of pertinent additional tags based on the
extracted frequent generalized rules, we defined the tag recommendation task as
a ranking problem. Given a photo pi and a set of user-defined tags �(pi ,uj ),
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the system has to recommend tags that describe the photo based on both the
user-specific and the collective past annotations. To perform personalized recom-
mendation, from the whole photo collection, the user-specific annotations made by
10 users who annotated at least 15 photos are considered separately. The above
selection allows making the statistical evaluation of our recommendation system
reliable. Once a user-specific annotation subset is selected, the rest of the collection
is considered as the collective set. For each analyzed user collection, the evaluation
process performs an hold-out train-test validation, i.e., the user-specific collection
is partitioned in a training set, including the 75 % of the whole annotations,
whereas the remaining part is chosen as test set. To evaluate the additional tag
recommendation performance of our system, for each test photo, two random tags
are selected as initial (user-specified) tag set and the recommended tag list is
compared with the held-out test tags. A recommended tag is judged as correct if
it is present in the held-out set. Since the held-out tags need not be the only tags that
could be assigned to the photo, the evaluation method actually gives a lower bound
on the system performance.

To evaluate the performance of both our recommendation system and its
considered competitors, we exploited three standard information retrieval metrics,
previously adopted in [25, 29] in the context of additional Flickr tag recom-
mendation. The selected measures are deemed suitable for evaluating the system
performance at different aspects. Let Q be the set of relevant tags, i.e. the tags
really assigned by the user to the test photo, and C the tag set recommended by the
system under evaluation. The adopted evaluation measures are defined as follows.

Mean reciprocal rank (MRR). This measure captures the ability of the system to
return a relevant tag (i.e., a held-out tag) at the top of the ranking. The measure is
averaged over all the photos in the testing collection and is computed by:

MRR D maxq2Q

1

cq

(5)

where cq is the rank achieved by the relevant tag q.

Success at rank k (S@k). This measure evaluates the probability of finding a
relevant tag among the top-k recommended tags. It is averaged over all the test
photos and is defined as follows:

S@k D
(

1 if q 2 Ck;

0 otherwise
(6)

where q 2 Q is a relevant tag and Ck is the set of the top-k recommended tags.

Precision at rank k (P@k). This metric evaluates the percentage of relevant tags
among the set of retrieved ones. The measure, averaged over all test photos, is
defined as follows:
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P @k D jQ \ Ckj
jQj (7)

For any evaluated measure, the estimates on each test photo are averaged over
ten runs, where, within each run, a different (randomly generated) held-out tag set
ranking is considered.

4.3 Performance Comparison

The aim of this section is twofold. Firstly, it experimentally demonstrates the
effectiveness of our system against a state-of-the-art approach. Secondly, it evaluates
the impact of the generalization process on the recommendation performance. To
achieve these goals, we compared the performance of our system, in terms of the
evaluation metrics described in Sect. 4.2, with (1) a recently proposed personalized
Flickr tag recommendation system [25] and (2) a baseline version of our approach,
which does not exploit generalized rules.

The system presented in [25] is a personalized recommender system that
proposes additional photo tags pertinent to a number of different user contexts,
among which the personal and the collective ones. The system generates a list
of recommendable tags based on a probabilistic co-occurrence measure for each
context. Then, it aggregates the results achieved within each context in a final
recommended list by exploiting the Borda count group consensus function [34].
To the best of our knowledge, it is the most recent work proposed on the topic
of personalized additional tag recommendation. To perform a fair comparison,
we evaluated the performance of our implementation of the approach presented
in [25] (denoted as probabilistic prediction in the following) when coping with
the combination of the collective and the personalized contexts.

To demonstrate the usefulness of generalized rules in tag recommendation, we
also compared the performance of our system with that of a baseline version, which
exploits traditional (not generalized) association rules [2] solely. More specifically,
the baseline method performs the same steps of the proposed approach, while
disregarding the use of tag generalizations in discovering significant tag associations
(see Sect. 3.4.1).

To test the performance of our approach, we consider as standard configuration
the following setting: minimum support threshold minsup = 30%, minimum con-
fidence threshold minconf = 40 %, and � = 0:75. A more detailed analysis of the
impact of these parameters on the recommendation system performance is reported
in Sect. 4.4. Even for the baseline version of our system we tested several support
and confidence threshold values. For the sake of brevity, in the following we select
as representative the configuration that achieved the best results in terms of MMR
measure, i.e., minimum support threshold equal to 30 % and minimum confidence
threshold equal to 40 %.
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Table 2 Performance comparison in terms of S@1, P@1, S@5,
P@5, and MRR metrics

System S@1–P@1 S@5 P@5 MRR

GR-TAG 0.7392 0.8695 0.5696 0.7935
Baseline

rule-based
0.7174* 0.8261* 0.4957* 0.7572*

Probabilistic
prediction

0.6956* 0.8478 0.4435* 0.7681*

Statistically relevant worsening in the comparisons between our
system and the other approaches is starred

The achieved results are summarized in Table 2. In particular, the success and the
precision at ranks 1 and 5 (i.e., S@1, P@1, S@5, and P@5, respectively) as well
as the mean reciprocal rank (MRR) achieved by both our system (named GR-TAG)
and all the tested competitors are reported. The selected ranks (k) for the precision
at rank k and the success at rank k are chosen analogously to what was previously
done in [25,29]. To validate the statistical significance of the achieved performance
improvements, the student t-test has been adopted [27] by using as p-value 0:05.
Significant worsening in the comparisons between our system and the other tested
competitors are starred in Table 2. For each tested measure, the result(s) of the best
system(s) is written in boldface.

Our recommendation system outperforms both its baseline version and proba-
bilistic prediction in terms of all the tested measures. The performance improvement
with respect to the baseline version is always statistically significant, while, for
probabilistic prediction, is significant for MRR, S@1, P@1, P@5. To have a more
deep insight into the achieved results, in Fig. 3a and b we also plot the variation of,
respectively, the precision and the success by varying k in the range [1,10]. Results
show that, when increasing the rank value, our system and all the other competitors
worsen their performance in terms of precision at rank k, while averagely perform
better in terms of success until reaching a steady state value. Our approach performs
best for any value of k in terms of precision (see Fig. 3b) and for k = 1,3,4,5 in terms
of success (see Fig. 3a), while it performs as good as Probabilistic prediction in
terms of success for the other values of k.

In summary, results show that our approach averagely selects the most suitable
recommendable tags at the top of the ranking and precisely identify the potential
user interests.

4.4 Parameter Analysis

We also analyzed the impact of the system parameters on the performance of the
tag recommendation process. In Fig. 4, we plot the average MRR estimate achieved
by our GR-TAG system by (1) varying the support threshold and by setting the
minimum confidence threshold minconf to 40 % and � to 0.75 (see Fig. 4a), (2)
varying the confidence threshold and by setting the minimum support threshold
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minsup to 30 % and � to 0.75 (see Fig. 4b), and (3) varying the lamba parameter
by setting the minimum support threshold minsup to 30 % and the minimum
confidence threshold minconf to 40 % (see Fig. 4c).

The support threshold relevantly affects the quality of the tag recommendation.
When higher support thresholds (e.g., 70 %) are enforced, the percentage of not gen-
eralized rules is quite limited (e.g., around 18 % of the user-specific rule set mined
from the training photo collection described in Sect. 4.1) and many informative
rules (generalized and not) are discarded. Oppositely, when low-support thresholds
(e.g., 20 %) are enforced, many low-level tag associations (e.g., around 3.5 % of the
user-specific rule set from the same training data) become frequent and, thus, are
extracted by our system. However, the high sparsity of the analyzed tag collections
still left some of the most peculiar associations hidden. Aggregating tags into
high-level categories allows achieving the best balancing between specialization and
generalization of the discovered associations.
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The confidence threshold may also significantly affect the system performance.
By enforcing very low confidence threshold values (e.g., 20 %), a large amount of
(possibly misleading) low-confidence rules is selected. Indeed, the quality of the
rule-based model at the top of which the recommendation system is built worsens.
Differently, when increasing the confidence threshold, a more selective pruning of
the low-quality rules may allow significantly enhancing the system performance.
Finally, when enforcing very high confidence thresholds (e.g., 90 %), the rule
pruning selectivity becomes too high to allow dealing with a considerable amount
of interesting rules.

Finally, we also analyzed the impact of the parameter � on the achieved MRR.
Similarly trends were achieved by using the other tested measures. The value of �

discriminates between the contribution of personal and collective knowledge. More
specifically, when � < 0:5, rules extracted from the community-based history of
past annotations are deemed more significant than that discovered from the personal
annotation set. Indeed, the recommendation process becomes less personalized, and
the knowledge about the personal user interests is partially ignored. Differently,
when setting � > 0:5, tags mainly referable to the personalized rule set are deemed
the most relevant ones for tag recommendation. Results show that, as expected, the
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proposed system performs significantly better when the recommendation is more
personalized, i.e., when user preferences are considered more relevant than the
community-based annotations.

5 Conclusions and Future Work

In this chapter, we addressed the issue of recommending additional tags to partially
annotated Flickr photos by exploiting both the personalized and the collective
knowledge. We propose a rule-based recommendation system that also considers
associations at higher abstraction levels, i.e., the generalized rules, to counteract the
effect of data sparsity on the recommendation performance. A set of experiments
performed on a real Flickr photo collection show the effectiveness of the proposed
approach.

As pointed out by our work, the integration of the personalized and the collective
annotations may effectively improve the quality of the recommended tags. To enrich
the background knowledge related to the users and the community, we plan to
integrate the analysis of the user-generated content coming from social networks
and online communities in the tag recommendation system. Furthermore, we will
also address, as future work, the integration in the proposed system of efficient disk-
based indexing strategies to store and retrieve very large pattern collections.
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