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Abstract

People establish personal profiles to obtain online ser-
vices. Profiles consisting of simple factual data pro-
vide an inadequate description of the individual, as
they are often incomplete, mostly subjective and can-
not reflect dynamic changes. This research explores
the idea of “you are what you tag”, namely, an indi-
vidual can be effectively profiled by the tags associ-
ated with his/her social media. In particular, this pa-
per presents the personal, social, and global views of
a person’s profile based on the tags and content of so-
cial bookmarking. To facilitate the alternative views,
profiles are visualized as tag clouds based on color har-
monic combinations. Commonsense semantic analysis
and co-occurrence measurement are defined to calculate
tag similarity. Therefore, the proposed approach sup-
ports an intuitive, natural and novel interface for people
to browse/search through a social web site.

Introduction

People establish personal profiles at many online commu-
nities in order to obtain specific services. For example, on
a job search website, job seekers maintain their basic per-
sonal data, resumes, skills and interets. Recruiters browse
through these profiles to identify qualified candidates for the
jobs. A typical personal profile consisting of simple fac-
tual data, such as the name, affiliation, or interests, pro-
vides an inadequate description of the individual. First of
all, due to privacy concerns, most users are reluctant to pro-
vide more information than what is required by the service.
Secondly, user-specified profiles are mostly subjective. In
the job search scenario, it is risky to judge whether a per-
son is a good candidate for a job from his/her resume alone.
Opinions from a candiate’s friends or former employers can
be valuable in forming a full picture of the candidate. Com-
ments on strong job performance and great personality from
the references can be the key to a positive decision. Lastly,
such simple user-specified profiles do not reflect dynamic
changes, even though skills and interests of a person do
evolve over time.

This paper presents an novel idea of “you are what you
tag” for user profiling. Namely, an individual can be ef-

Copyright (© 2008, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

fectively profiled by the tags associated with his/her social
media. Our basic assumption is that the rich online media
produced/consumed by an individual can reveal important
features about the person. Many online services today pro-
vide a platform for users to publish digital contents, which
can be tagged. For example, the photo collections on Flickr
show the people, places, and activities engaged by the user;
the bookmarks on del.icio.us represent the topics of interest
to the user; the blog posts on Blogger reflect the events, so-
cial interactions, or feelings experienced in the author’s life.
The user-specified tags associated with these personal col-
lections of digital contents along with their comments pro-
vide meaningful descriptions of a person.

Our research explores tag-based user profiling on several
levels. Without loss of generality, this paper presents the
personal, social, and global views of an individual’s profile
based on the tags and content of his/her social bookmarks. In
particular, the bookmark data are acquired from del.icio.us,
a social bookmarking website.

Instead of attempting to collect the opinions of a group
of people directly, we examine the tags assigned by others
to the contents in one’s collection. When many people tag
a person’s content collection with a specific keyword, it is
natural to assume that the content owner shares the same
idea. For example, suppose that everyone tags a specific
collection with “movie”, it is reasonable to conclude that the
owner of the collection is fond of movies. In other words, the
collective wisdom shared by most people defines the global
view about the person.

To facilitate the alternative views, profiles are visualized
as tag clouds based on color harmonic combinations. Com-
monsense semantic analysis and co-occurrence measure-
ment are defined to calculate fag similarity. Therefore, the
proposed approach supports an intuitive, natural and novel
interface for people to browse/search through a social web
site. For a collection of one’s bookmarked contents, we
switch to different viewpoints by examining other people’s
tags on this collection. Three types of view are defined: per-
sonal, social, and global views. To illustrate the differences
between these viewpoints, we design a way of visualization,
that is, by grouping tags with similar concepts and display-
ing them with similar colors, viewers can be more attentive
to focus on the information he/she needs.

In the remainder of this paper, we will start by briefly re-



viewing some related work. The proposed data model will
be defined next, followed by the methods for analysis from
three different views. Visualization of the personal, social
and global profiles are then presented before a short discus-
sion and the conclusion.

Related Work

Research on InterestMap (Liu & Maes 2005) harvests pro-
files from social networking websites, such as Friendster!,
MySpace?, and Orkut®, to construct the InterestMap, a
network-style to illustrate the relationship between interests
and identities. Rather than traditional recommender sys-
tems, they recommend by considering the interest of people
instead of the historical behavior in a particular application.
They try to model people’s preferences and interests in real
life. This work not only upgrade the accuracy of recom-
mendation but also provide a visual way to explore one’s
interests on InterestMap.

There are different kinds of social networking websites
including flickr*, del.icio.us>, last.fm® and others. On these
social media websites, people are free to tag the multime-
dia content and share their contents with their friends or the
general public. Tagging is a social indexing process and con-
tents can be categorized by any number of tags. As the num-
ber of tags increases, it becomes useful to view these tags
visually. The tag cloud is a visual interface to help people
retrieve important information quickly. In (Hasan-Montero
& Herrero-Solana 2006), they reduce the semantic density
of a tag set and improve the visual consistency of the tag
cloud layout. An approach to tag selection was proposed
and a clustering algorithm is used to produce visual layout.
In (Kaser & Lemire 2007), some models and algorithms to
improve the display of tag cloud in HTML were presented.

Different from InterestMap, we utilize the tags in these
social media content which people collected. We apply sta-
tistical and commonsense reasoning to establish semantic
connections among these tags. All tags are grouped by their
concepts for visual layout rather than the alphabetical order
in a traditional tag cloud. Futhurmore, we measure three
different viewpoints to provide a comprehensive representa-
tion of a person. People can then compare these three profile
models using our visualization function to learn more infor-
mation about a person.

Tags and Social Network

At a growing number of social media websites, tagging
plays an important role of helping user manage their doc-
uments. Users are encouraged to add tags to describe a doc-
ument and to share these tags with other people. These tags
indirectly reflect a user’s interests, concerned topics, and
activities in daily life, etc., thus can serve as the building
blocks of a user’s profile.

"http://www.friendster.com
2http://www.myspace.com
3http://www.orkut.com
*http://www.flickr.com/
Shttp://del.icio.us
Shttp://www.last.fm/

In this paper, we propose using tags to profile a person
instead of a typical profile list. The advantages of using tags
include:

o the flexiblity in describing a person using any term,
e the precision in presenting a person’s preferences, and
o the ease in showing the different views of a person.

The proposed idea can be applied to any type of social me-
dia with tags. In this paper, for simplicity, social bookmarks
are used as the data source, and each bookmarked document
is assumed to have multiple tags.

Automatic construction of social networks from various
social media data sources is an important research topic in
information mining. There have been several approaches to
constructing social networks. For example, social networks
can be extracted from blog posts and comments (Furukawa
et al. 2007). Social networks can also be mined from photo
collections provided that the photos are annotated with rich
metadata of the people in the photo (Huang & Hsu 2006). In
what follows, let’s assume that the social network is given.

Data Modeling

We propose to add social media as a new type of nodes into
social network. We call this network a Social Media Net-
work. For example, Figure 1 represents the common so-
cial media between a person and his/her friends. The edges
between round-shaped nodes represent the traditional social
network, while an oval-shaped node represents a bookmark
URL, and a dotted directed arrow means someone has this
bookmark. Note that it also shows someone, denoted as F,,
P, etc, who does not connect with others (meaning P, P,
do not know them) but also has this bookmark URL.

Figure 1: A sample social media network.

Figure 2 illustrates the tags given by a user to his/her
bookmark URLs. A document is tagged with multiple tags,
which help to describe the document in different capacities.
For example, the tag “map” has a capacity calculated as 0.9
to describe URL_7. Furthermore, a user may tag different
documents with the same tag. Thus for each tag, we give
the attribute strength to symbolize the importance of the tag
for its owner. In the next section, we describe how these tag
weights are determined.
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Figure 2: An example of a person’s tags and his/her own
bookmarks. For each arrow, the floating number denotes the
capacity of this tag to describe this document. Each tag has
the strength attribute to represent the importance of the tag
for its owner.

Tag Analysis

Each bookmarked URL is given one or more tags to describe
the content of the webpage. We define a value, capacity,
to represent how much a tag can describe the content of a
document. By analyzing the nature and idea of a tag, the
frequency of assigning an identical tag to the same content,
and the tagging order, we can determine the capacity of a
tag. The importance of a tag to an owner, denoted as tag
strength, is determined by analyzing its capacity, the volume
of covered bookmarks, and the quality of its bookmarked
content.

Tag Capacity

Naturally, a tag used by more people to describe an identical
bookmark link has a higher importance to this bookmarked
document. The first tag may be more relevant than the sec-
ond tag when a user tags this document. A document with
diverse semantic tags may indirectly show that each tag only
represents a part of the document. Thus we consider tagging
frequency, tagging order, and tags diversity when trying to
determine the capacity of a tag to describe a bookmarked
document.

We denote a collection of bookmarked documents as D,
and a set of tags T which are tagged on D. A tuple of book-
marking data is denoted as b = (p,bT, d) which means a
person p who tagged document d € D with a sequence
of tags bT' = {bty, bto, - --,bt,}. We first define the order
weight of tag bt; € bT as

—i/10 g,
Worder (bl) = { exp_1 ifi <10
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where bt; € bT and i is the index of bt; in this ordered
tagging sequence. Here we let tags after the 10'" tag have
equal order weight.

Second, we group tags in b7 with their concept. Each
cluster represents a concept in this document. We assume

that more concepts on a document will reduce the weight
of each concept, and a larger cluster is more important for
this document. We use ConceptNet and co-occurrence mea-
surements to group these tags. More details are described
in next section. Each tag belongs to only one cluster. Let
bT. = {bty,bta, - bt} be a cluster of bT with k tags,
then we define the concept weight of bt; € b1, as

1
)= o

Note that Weoncept (bt;) is higher when bt; belongs to a larger
cluster, and it is lower when there are many clusters. Each
tag belonging to a cluster has the same concept weight. The
summation of tag number of each cluster equals to the num-
ber of tags in bT'

Combining both weight measurements, for each bt; € b7,
we can define the weight of bt; for a document d given by a
person p as

* |0T | 2)

Weoncept (btz

wp(btz) =0 worder(bti) + (1 - 6) * wconcept(bti) (3)

where J is an argument that can be adjusted.

Finally, we take all the people who tag the same document
with the same tag into consideration and sum up the weights
provided by everyone, and we can determine the importance
of a tag ¢ for a document d. We define M as a set of people
who ever tagged document d with tag ¢, thus the the capabil-
ity of t on d is

capacity(t,d) = Z wy(t) 4)
peEM

Personal Profile

To use tags to present a person, we first need to determine
the weight of each tag for this person according to the doc-
ument which this person has bookmarked. Each tag has dif-
ferent importance in representing a person. For example, if
one has more bookmarks on drama than on classical music
bookmarks, , it may be concluded that he/she likes drama
more than classical music. Thus the tag “drama” should
have higher weight value than the tag “classical music”. As
mentioned previously, each tag has a different capacity in
describing a document. We can summarize the weights of
an identical tag on one’s own documents, and obtain a total
weight of a tag for representing this person.

However, not all documents have a high quality. Here we
assume that the document bookmarked by many people has
higher quality. Given a collection of documents D, Np is
the total number of people who ever tagged any document
in D, and IV,,_.4 is the number of people who ever tagged d,
then the quality of d is Q(d) = N,_.4/Np.

To examine one’s bookmarks, we can do so from the view
of this person, thus we can obtain a set of tags that can sub-
jectively present he/she. However, sometimes we are inter-
ested in the views of other people as they provide different
viewpoints and sometimes more objective facts. In this pa-
per, we define three types of viewpoints to consider one’s
bookmarks: personal, social, and global views.



Suppose p is the person we wish to view, and D,, denotes
the total documents that p has bookmarked. Our goal is to
determine a sets of tags T, that can represent p’s character-
istics. The result T, may be different from each viewpoint
although we are describing the same person.

Personal viewpoint From the personal viewpoint, we
only consider the tags assigned by p, and denote these can-
didates as a set CT,,. For each candidate tag t € CT),, we
define the strength of t from p’s view as

Z capacity(t, d) Q)

vdeD,

strengthy,(t

where subindex p means from p’s view. Thus
T, = {t|t € CT, and strength,(t) < o} (6)

where we set a threshold « to filter those tags with strength
lower than threshold. (« is a configuration that can be ad-
justed by the viewer.)

Social viewpoint From the social viewpoint, we consider
the tags assigned by the actors on p’s personal social net-
work. Note that we still focus on documents in D,,, and our
candidate tags are those tags which were assigned by p’s ac-
quaintances on these documents. Let CT ¢ denote the set of
candidate tags, A is p’s acquaintances, and A; denotes a set
of acquaintances who have tag t. Thus for each ¢t € CT,

Z strengthq(t)  (7)

a€A,

strengthsocial(t) = |At

And
T, = {t|t € CT; and strengthsociai(t) < a} (8)

Note that we can generally define A as any group of peo-
ple, and CT; as the tags assigned by people in this group.
Suppose we define A as a set of experts, we can see the
opinions from experts for these documents. It can be used to
determine how much domain knowledge p has.

Global viewpoint From the global viewpoint, we consider
the tags assigned by everyone on D,,. This viewpoint can be
thought of as a generalization of the social viewpoint. A
represents the set of people who ever tagged any document
in Dy, and all of their tags are elements in candidate tag set
CT,. The results of this viewpoint can reflect the common
opinions from public, and probably is most objective.

Visualization

As it is time-consuming for people to understand the mean-
ing from large amounts of data, we design a visual way to
show a person’s profile. Viewers can compare the difference
between personal characteristics of distinct individuals.

To facilitate the alternative views, profiles are visualized
as tag clouds based on color harmonic combinations. Com-
monsense semantic analysis and co-occurrence measure-
ment are defined to calculate tag similarity. Therefore, the
proposed approach supports an intuitive, natural and novel
interface for people to browse/search through a social web

site. For a collection of one’s bookmarked contents, we
switch to different viewpoints by examining other people’s
tags on this collection. Three types of view are defined: per-
sonal, social, and global views. To illustrate the differences
between these viewpoints, we design a way of visualization,
that is, by grouping tags with similar concepts and display-
ing them with similar colors, viewers can be more attentive
to focus on the information he/she needs.

A personal profile is composed by tags, therefore we plan
to use tag clouds to present the profile. General tag cloud
use font size and color to emphasize the frequency of tag
usage. Users can interact with tag clouds and browse the
detail of tag-described resources when he clicks on a tag.
With growing number of tags, alphabetical arrangements of
displayed tags are insufficient. When people want to search
for a certain type of information, they have to scan all the
tags and infer the semantic relationship between the tags.
Such visual layout fails to present the complete meaning of
the tags and can be extremely time-consuming. We define
that similarity-based layout to improve tag clouds. We use
common sense to cluster the similar tags and provide two-
dimension tag placement to let the user easily know the re-
lationship among tags. People can understand the semantic
meaning of the tags and obtain overall characteristics of a
person. To improve the quality of visualization, we utilize
color harmonic combinations to map out different clusters
of tags. Tags in the same cluster use the same hue and dif-
ferent value in color theory; similar clusters use the same
color tone to emphasize the relationship among them. The
visualization is like Figure 3.
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Figure 3: Tag visualization

Semantic Similarity and Co-occurrence

To cluster the tags automatically, we propose two methods
for calculating tag similarity and cluster the ones with high
similarity. One adopts commonsense reasoning similarity
and the other uses relative co-occurrence statistics.

The ConceptNet-based semantic similarity Tag is in fact
text and contains semantic meaning. Some tags have simi-
lar concept and some have different ones. We plan to use



commonsense reasoning to obtain related tags with a sim-
ilar concept. In this paper, we utilize ConceptNet to sup-
port the content analysis. ConceptNet is a freely avail-
able commonsense knowledgebase and it provides a natural-
language-processing toolkit for reasoning tasks including
“topic-jisting”, “analogy-making”, and ‘“text summariza-
tion”.

ConceptNet is a semantic network created by Hugo Liu
and Push Singh(Liu & Singh 2004). It collects common-
sense knowledge from the Open Mind Common Sense cor-
pus and contains 300,000 nodes and 1.6 millions links, such
as (IsA ‘apple’ ‘red fruit’) or (PropertyOf ‘game’ ‘fun’). The
ConceptNet toolkit provides node-level and document-level
reasoning operations. Two functions on textual analysis(Liu
& Singh 2004) are introduced:

o GetContext(): It accepts the input of a textual document
which is then translated into a ConceptNet-compatible
format. It finds the neighboring relevant concepts us-
ing spreading activation around this concept of document.
For example: the neighborhood of the concept “music”
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includes “play violin”, “play piano”, “band”, etc.

e GuessConcept(): It takes input as a document and a novel
concept in that document, and it outputs a list of potential
items which are analogous to the input concept. In other
words, it can obtain analogous concepts from the concept
of input document. For example: the concept of “do exer-
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cise” is analogous to “ride bicycle”, “play football”, etc.

In this paper, we utilize the two functions mentioned
above to measure the semantic distance between two tex-
tual words, which we define as “tags”. We use a spreading
activation algorithm(Collins & Loftus 1975) to conduct its
inferences and compute the similarity among tags. First, we
use GuessConcept() to acquire a list of analogous tags given
by a tag. Second, we use GetContext() to acquire all neigh-
boring relevant tags given by analogous tags using spreading
activation. The input tag as a first node has highest level of
energy and spreads a fraction of its energy to relevant tags.
The value of spreading energy is directly proportional to the
weight between tags. The energy of any tag after a spreading
step is calculated by Equation (9):

t, = Z energy(t;) * weight(t;, t;) ©

j:linkj

where ¢; is original tag and ?; is a tag activated by
ti. energy(t;) is energy of t; acquired from ¢; and
weight(t;,t;) is a link weight between ¢; and ¢;.The en-
ergy of the tag would decrease at a ratio « step by step, and
stop until no new tags are activated. Finally, we collect the
activated tags which are the relevant tags.

We utilize our visualization approach to present three
viewpoints of a person’s profile. For instance, the man-
ager of a travel agency in search of a tour guide to fill a
vacancy sees a person’s profile from three viewpoints as Fig-
ure 4, Figure 5, and Figure 6. The manager could obtain
more information such as “map”or “trip” that they other-
wise infer simply from personal viewpoint. He/she could
compare different profiles and know this person in more de-
tail. Through these three profile image, he/she could find the

suitable guide easily. Moreover, these three profiles from
different viewpoints could be applied to other applications,
such as a recommender system that helps to find a suitable
match for something or someone.
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Figure 4: A person’s profile from personal viewpoint.
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Figure 5: A person’s profile from social viewpoint.
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Figure 6: A person’s profile from universal viewpoint.

Semantic Similarity Between Tags: Given two tags a and
b, we could obtain two sets C, and C}, including the neigh-
boring relevant tags of a and b, respectively. The semantic
similarity Sim(a, b) between tag a and b is defined as Equa-

tion (10):

Co N Co
Sim(ta, ty) = |7 (10)

m |Ca U Cb|
Co-occurrence We propose an co-occurrence measure-
ment to compute the relationship between two different and
irrelevant tags. For example, if an document is usually
tagged as “Japan” and “Travel,” we gain an insight to that
user’s preference and interest. If we never study any web
technology, we cannot know the relationship among tags as
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“ajax”, “xml”, and “javascript.”” These information cannot
be known by commonsense semantic analysis, so we ap-
ply co-occurrence to calculate tag similarity. We consider
two viewpoints when measuring tag similarity: (1) global
co-occurrence and (2) personal co-occurrence. We apply
global co-occurrence to measure common opinions and use
personal co-occurrence to measure personal preference.

Global co-occurrence and personal co-occurrence are
both measured by means of relative co-occurrence between
tags, known as Jaccard coefficient. Let A and B be the sets
of documents described by two tags, relative co-occurrence
is defined as Equation (11):

_lans|
[AUB]

where RC'(A, B) is the relative co-occurrence of A and B.
|A (N B| is the number of document in which tags co-occur
and |AJ B| is the number of resources in which appear in
any one of the two tags. In other words, we compute the
proportion of tag overlapping as tag similarity. The differ-
ence between global and personal are considered resources.
Global co-occurrence calculate all tags given by all users in
social bookmarking service and personal co-occurrence only
considers tags given by a single user.

We use commonsense semantic analysis and co-
occurrence measurement to calculate tag similarity. After
analyzing similarity, we utilize graph cluster algorithm to
cluster these tags. These clusters of tags would be useful for
analysis and visualization.

RC(A, B)

(1)

Discussion

The interests or characteristics of people change over time.
In addition to providing the alternative views, we should also
consider temporal changes to model a person. A person’s
profile is a cumulative overview of interests, jobs, or skills.
We need to track the pattern of transitions rather than cap-
ture one’s profile at specific time slices. It will be interesting
to observe that one’s profile may dynamically change with
friends, tendency, or other events in his/her life. Designing
a visual presentation of such dynamic data is another chal-
lenge. A static picture is unable to represent temporal flow.

On the other hand, dynamic profile visualization is not
enough. Not only do we need to visualize the user pro-
file, but we must also automatically help the viewer find
the right person. Depending on the purpose of a search,
different match criteria should be considered. The match-
maker may define different match functions, such as similar,
complementary, or having interests overlap, which should
be further explored in our future work.

Conclusion

This paper presented an novel approach to user profiling
based on the tags associated with one’s social media. A pro-
file should include not only personal (subjective) description
about oneself, but also the opinions from one’s social con-
tacts as well as the global (objective) opinions of the gen-
eral public. We defined the fag capacity for content as a
measure of tag analysis over one’s bookmark collection to

determine the most descriptive tags. Furthermore, three al-
ternative views, e.g. personal, social, and global views, are
defined to offer a comprehensive profile of an individual.
Through a grouped tag cloud to visualize a person’s profile,
viewers can easily focus on the most important and relevant
information.
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