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ABSTRACT
In this paper we introduce tag expression, a novel form of
preference elicitation that combines elements from tagging
and rating systems. Tag expression enables users to apply
affect to tags to indicate whether the tag describes a reason
they like, dislike, or are neutral about a particular item. We
present a user interface for applying affect to tags, as well as a
technique for visualizing the overall community’s affect. By
analyzing 27,773 tag expressions from 553 users entered in a
3-month period, we empirically evaluate our design choices.
We also present results of a survey of 97 users that explores
users’ motivations in tagging and measures user satisfaction
with tag expression.

ACM Classification: H.5.3 [Information Interfaces and Pre-
sentation]: Group and Organization Interfaces; H.5.2 [Infor-
mation Interfaces and Presentation]: User Interfaces

General terms: Design, Experimentation, Human Factors

Keywords: tagging, ratings, user preference, community

1 INTRODUCTION
Tagging sites have flourished across the Web, enabling users
to label photos, websites, or even other people with free form
descriptors. Most tagging systems are collaborative in na-
ture: tags applied by one user are visible to everyone, the
vocabulary of tags evolves as a “folksonomy” [9], and tag
cloud visualizations show which tags are most popular for
each item [2].

One limitation of existing tagging systems is that they do not
explicitly capture user preference. Web users express prefer-
ence in many ways, such as rating movies on Netflix1, “dig-
ging” articles on Digg2, or writing book reviews on Ama-
zon3. The simplest form of expression is a rating, which may
vary in scale from unary (e.g., thumbs-up) to multi-valued

1http://www.netflix.com
2http://www.digg.com
3http://www.amazon.com
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(e.g., 5-star) [6]. Text-based reviews and comments, popular
on sites such as Amazon and Epinions4, provide an alterna-
tive way to express preferences. Rather than simply indicat-
ing how much they like something, users explain why they
like or dislike something.

Ratings systems typically accept preferences that are narrow,
describing only a single dimension, and explicit. For exam-
ple, users of Netflix rate movies on a one-dimensional scale
from one to five stars. Because ratings are narrow, producing
them requires low cognitive load from the user, but they can-
not express the full range of user reaction to an item. Because
ratings are explicit, they enable natural summarization in the
form of an average rating, and are easily machine-readable
for use in automated systems such as recommender algo-
rithms [18]. In contrast, free-form text affords rich expres-
sion, but requires more effort from users. Further, because
the rating is implicit in the text, free-form text does not pro-
mote easy summarization in the form of an “average review”
and may be difficult for automated systems to interpret.

We introduce a novel interface that enables users to pro-
vide ratings across the arbitrary dimensions expressed by the
tags applied to an item. Called tag expression, this interface
bridges the gap between traditional narrow-but-explicit rat-
ings systems and broad-but-implicit text review systems. In
this system, users explain their preferences for an item by
choosing tags and associating each with one of three affects
— like, dislike, or neutral. In this context, affect measures
a user’s pleasure or displeasure with the item with respect to
the tag. For example, someone evaluating the movie “Speed”
may express that they like action, dislike Keanu Reeves, and
are neutral about Sandra Bullock in this movie. Tag expres-
sion also enables users to share their tags and the associated
affect with the community. We develop a novel interface for
users to apply affect to community tags, and a visualization
that presents the aggregate community affect for each tag.

In this paper, we first examine the design space of prefer-
ence expression and discuss a range of alternatives. We detail
our implementation of tag expression and empirically evalu-
ate our design decisions based on a 3-month field study. We
present results from a survey exploring users’ motivations for
using tag expression and their level of satisfaction with it. We
also study the impact of tag expression on the overall health
of the tagging system. Finally, we draw conclusions for sys-

4http://www.epinions.com
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tem designers based on these findings and discuss potential
applications of tag expression.

2 RELATED WORK
2.1 Affect in Interface
Many researchers have explored the role of affect in human-
computer interfaces [16]. For example, Breazeal studied
ways of developing robots capable of expressing affect to
human users. Other researchers have explored the use of ma-
chine learning to determine a user’s affect automatically. For
instance, an educational game may be more effective if it
chooses its interventions based on a probabilistic model of
the user’s current emotional state [5]. Studies have demon-
strated that humans learn and interact better when the agents
they interact with present affect.

Our work builds on the prior research by exploring how af-
fect changes a tagging interface. In contrast to systems that
convey affect or infer affect from user behavior, tag expres-
sion enables users to explicitly state their view of the affect of
a tag. Some existing systems also support explicit affect ex-
pression; for example, LiveJournal5 allows users to associate
a mood with each post they write. Tag expression extends
these systems by enabling users to express multiple affects
for a single item.

Our definition of affect derives from the three-factor model
of emotions developed by Russell et al., which decomposes
human emotion into the dimensions of pleasure-displeasure,
arousal, and dominance-submissiveness [20]. Breazeal used
a similar taxonomy of affect space based on the three di-
mensions of valence, arousal, and stance [3]. In our work,
we consider the single dimension of valence, or pleasure-
displeasure, which measures positive-negative emotional
state.

2.2 Tag Visualization
Tag clouds have become a common way to show a set of pop-
ular tags on a tagging site. Researchers have explored the
effectiveness of different tag cloud presentations [19, 21, 2],
including changes in font size, weight, color, and the organi-
zation of the tags within the cloud. So far there have been a
number of interesting alternatives proposed, each with ben-
efits for specific tag navigation tasks, but no clear winner.
Because we are not focused on revising the tag cloud model,
we use a standard tag cloud with alphabetic ordering and a
varying font size that reflects popularity. We integrate affect
by varying colors of tags, as described in Section 3.

2.3 Tag Vocabulary
A crucial element of a tagging system is the vocabulary cho-
sen by the users. Studies have shown that users often choose
different terms for the same concept [8]. Too restricted a
vocabulary will limit the flexibility of the system to appro-
priately label resources, while too wide a vocabulary will
limit the usability of tags for search or filtering. Information
theoretic arguments suggest that unmanaged tagging systems
may lead to inefficiency, especially over time [4].

The sets of tags that are shown to users in recommendations
or drop-down boxes significantly changes the vocabulary the

5http://www.livejournal.com

community adopts [9]. The choice of algorithm for present-
ing tag options to users may influence the steady-state vo-
cabulary used by the community [23]. Our study introduces
a new interface for applying tags, which includes an implicit
pool of tags the user may choose among. We explore the
impact of that interface on the vocabulary used by the com-
munity.

3 DESIGN OF TAG EXPRESSION
As a design platform, we used the MovieLens6 movie recom-
mendation system. MovieLens’s primary purpose is movie
recommendation: users rate movies on a scale of 1/2 to 5
stars and receive recommendations in return. MovieLens was
launched in 1997, and it attracts approximately 3200 active
users per month. Since tagging was first introduced in Jan-
uary 2006, 4,745 users have created 174,240 tag applications
resulting in 17,991 distinct tags (a tag is a distinct word or
phrase, while a tag application is a user’s association of a tag
to a movie represented by a (user, tag, movie) triple.).

MovieLens users may apply tags to movies on two different
screens. On the movie details page, users see detailed infor-
mation about a single movie such as genre, cast, director, as
well as a list of the top 20 tags.7 On the search results page,
users see high-level information for the movies returned from
a particular search, including the top 3 tags for each movie.
We focus our design discussion on the movie details page,
where 86.2% of tagging activity occurred under tag expres-
sion. Under the previous tagging system, users created tag
applications on the movie details screen by typing in an auto-
complete text box or simply clicking on an icon next to each
existing tag. More details about the MovieLens system and
its tagging implementation are presented by Sen et al. [23].

Our design of tag expression focused on three elements: pref-
erence dimensions, affect expression, and display of commu-
nity affect. In the following sections we define each design
element, outline the alternative we considered, and explain
our design decisions. Later in Section 5, we evaluate each
of these decisions based on user activity and results from the
survey. For several design elements we refer to the tag ex-
pression component of the movie details page shown in Fig-
ure 1.

3.1 Preference dimensions
Before settling on using tags to express preferences, we
considered other entities through which users might express
preferences. We refer to these entities as preference dimen-
sions. Rating systems typically capture a single preference
dimension that describes the user’s overall sentiment towards
the item. For example, a user on MovieLens might rate the
movie “The Usual Suspects” with 4 stars. With a broader set
of preference dimensions, a user could rate the plot of “The
Usual Suspects” as 5 stars, but the action as only 3 stars.

The question is how to choose the appropriate set of pref-
erence dimensions. With an expert-based approach, domain
experts or system designers hand pick the dimensions; for
example, designers of a movie website might include the di-
mensions of genre, plot, acting, level of violence, etc. Ex-
6http://www.movielens.org
7Top tags selected based on a tag quality metric developed by Sen et al. [24]
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Figure 1: Tag expression component on the detailed
movie information page for Avatar. Tags that describe
an aspect of the movie liked by the MovieLens commu-
nity are colored blue (3d), neutral aspects are colored
gray (military), and negative aspects are colored red
(predictable). A user can add their own affect (visually
stunning, james cameron, long) by dragging a tag to
one of the three affect containers, or by typing a new
tag in an affect container’s text input box.

perts are likely to choose a compact and consistent set of
preference dimensions, and less effort is required from users.
However, experts cost money, and they may not be able to
anticipate the varied and changing interests of the user com-
munity.

In a user-based approach, the users themselves define the
space of preferences. Tagging is a common approach for
representing a set of user-defined dimensions. Although tag-
ging is generally used to support information retrieval, it is
also well-suited for articulating preferences, for several rea-
sons. First, tags are atomic: unlike other text-based forms
of expression such as user reviews, each tag typically repre-
sents a single concept, enabling users to express preference
along each dimension independently. Second, tagging sup-
ports collaboration between users. A tag applied by one user
may be reused by another, lowering the cognitive load of
preference expression, and tags provide common units of ex-
pression around which the overall community’s preferences
may be aggregated and displayed. However, tagging systems
face many challenges, including redundant tags (dark com-
edy, black comedy), low quality tags (bah), and personal tags
(Erlend’s DVDs).

We opted for a user-centric approach that employs tags as
preference dimensions, for several reasons. First, prefer-
ences are inherently personal and tags provide users the
flexibility to express their diverse interests. Second, the
community-oriented features of tagging can enrich prefer-
ence expression by making it more social. Third, the tremen-

dous popularity of tagging systems invites exploration of
broader applications of tagging beyond information retrieval.

3.2 Expressing affect
A second design decision is how users associate affect, or
pleasure-displeasure, with each of the preference dimensions.
Here we consider three aspects of affect expression: rating
scale, granularity, and interface.

Rating scale. The rating scale describes the range of values
that a user may associate with a preference dimension, i.e.
tag. We considered a variety of rating scales for affect, but
focused on the most commonly-used scales: unary (thumbs-
up), binary (thumbs-up / thumbs-down), and many-valued
(five-star) [6]. We felt that a five-star scale would be too
complex — in terms of both interface design and cognitive
complexity. We preferred a binary scale over a unary scale
based on Sen et al.’s finding that users rate significantly more
tags with a binary scale [22]. Since tag expression entirely
replaced the existing tag creation mechanism, we wanted a
way for a user to create a tag with neither positive nor nega-
tive affect. Therefore, we decided to use a ternary scale with
positive, negative and neutral options.

Granularity. A second question concerns the level of gran-
ularity, or specificity, at which users express affect. With
a per-tag approach, a user associates affect with a tag in
isolation, independent of any particular item. For example,
a user may express that they simply like or dislike Arnold
Schwarzenegger. With a per-item-tag approach, users asso-
ciate affect with a (movie, tag) pair. In this scheme, a user
might express that they like Arnold Schwarzenegger for the
movie “Terminator” but dislike Arnold Schwarzenegger for
the movie “Kindergarten Cop”.

We opted for the per-item-tag approach, for two reasons.
First, per-item-tag provides greater flexibility of preference
expression, as illustrated by the above example. Second, us-
ing the least constrained model allowed us to observe the
specificity of user preference in practice. In Section 5, we
analyze whether individual users tended to choose uniform
affect for the same tag or instead chose affect based on the
movie.

Interface. We considered two designs for the affect expres-
sion interface. In the first option, MovieLens would display a
rating widget alongside each of a movie’s tags. In the second
mechanism, MovieLens displays an affect container for each
of the three affect values, and asks users to create affects in
a particular container. We selected the latter design because
it required less screen space, allowing us to specify descrip-
tive labels for each of the affects: “What I like about movie”,
“I’m neutral about”, and “What I dislike about movie.” To
reduce the effort of creating tags, MovieLens allows a user
to drag tags applied by other users to an affect container.
One-click tag reuse had also been available in the previous
tagging system through an add button next to each tag. Users
may also create brand new tags with a particular affect by
typing them in the auto-complete text input box correspond-
ing to the affect. The three affect containers can be seen at
the bottom of Figure 1.
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Aggregation Result
Plurality vote negative
Histogram (positive: 3, neutral: 1, negative: 4)
Mean value -0.125

Table 1: Results of each affect aggregation function,
for the tag violent on the movie “In Bruges”. 3 Movie-
Lens users expressed positive affect for this tag, 1 user
expressed neutral affect, and 4 users expressed neg-
ative affect.

3.3 Displaying community affect
One of the goals of tag expression is to display an aggregate
representation of the community’s preference for a movie.
Here we consider methods for aggregating and visualizing
community preference.

Aggregation function. The aggregation function summarizes
the affect values applied to a (movie, tag) pair into a single
value or a small set of values. Motivated by the use of voting
theory in information aggregation [7] and preference aggre-
gation [13], we considered several voting-based approaches
for aggregating affect. Plurality voting is a single-winner
voting system that selects the most popular choice. Using
this approach, the affect aggregation function would sim-
ply choose the affect value applied by the most users to the
(movie, tag) pair. Proportional representation is a voting
system in which alternatives are represented in proportion
to their popularity. Traditionally, this is a multi-winner vot-
ing system in which each discrete alternative is selected in
quantity proportional to the number of votes it received. Fol-
lowing this model, the tag expression system might display a
histogram showing the distinct affect values applied and their
relative frequencies. We also consider a variant of propor-
tional representation that relaxes the assumption of discrete,
indivisible alternatives by mapping each affect value to a real
number (positive: +1, neutral: 0, negative: -1) and taking the
mean of the results. Figure 1 illustrates each of these aggre-
gation methods.

One interesting question is how well each aggregation
method resolves the tension between accurately reflecting the
overall preference of the community for a tag, and showing
the full breadth of community opinion about the tag. Plural-
ity vote summarizes overall preference, but gives no indica-
tion of the range of opinion. Histogram shows the range of
opinion, but doesn’t compute an overall community prefer-
ence. Mean value achieves both goals to varying degrees; it
computes a single value for overall preference that is equally
influenced by all preferences expressed. However, the mean
value conveys less information about the breadth of opinion
than a histogram, as illustrated by the example in Table 1.
In that example, the mean value (-0.125) is the same as if
7 users had applied neutral affect and one user had applied
negative affect. In contrast, the histogram reveals that this is
a highly controversial tag where user opinion is roughly split
between positive and negative affect.

We chose to use mean value, for several reasons. First, it
balances the goals of capturing overall preference as well
as breadth of opinion. Second, it presents a simple concep-
tual model to users since there is a single value associated

Figure 2: Tag expression component for the search
results page.

with each tag, as opposed to a histogram, which shows up to
three values for each tag. Since many tags are displayed on
the screen at once, users may be overwhelmed by processing
multiple values for each tag. Third, it is consistent with com-
mon approaches for estimating community preference for an
item, where the aggregation function takes the mean of all
ratings. To account for the uncertainty arising from small
sample sizes, we use Laplacian smoothing by adding one
positive, one neutral, and one negative affect to the values
being averaged.

Visualization. Two common methods for visualizing tags
applied to an item are tag clouds and tag lists. An advantage
of tag clouds is that they can convey tag popularity through
font size while maintaining an alphabetic order for retrieval
of specific terms. We chose to use a tag cloud in our imple-
mentation of tag expression, but system designers may also
consider tag lists sorted alphabetically or by popularity.

We needed to augment the tag cloud with information that
summarizes the affect applied to these tags. We considered
several design options for visualizing aggregate affect, in-
cluding a star-based system, manipulation of a tag’s font size,
and manipulation of a tag’s color. We chose color to con-
vey aggregate affect because it requires less space than the
star-based system, and because font size already commonly
conveys tag frequency in tag clouds. For colors, we initially
considered red for negative and green for positive based on
their common use in other applications (e.g. stop lights in
the United States). However, since 7% of male adults are
color blind and cannot distinguish between red and green
[14] we replaced green with blue, the color that contrasted
second most strongly with red. We used gray for neutral af-
fects. We employed the following mapping from aggregate
affect to color: -1.0 to -0.6: red, -0.6 to -0.2: dull red, -
0.2 to 0.2: gray, 0.2 to 0.6: dull blue, 0.6 to 1.0: blue. In
addition to conveying mean value of affect, we also consid-
ered visualizations for depicting affect variance. For exam-
ple, highly controversial tags with a high variance of affect
values for a particular movie might be shown with a red-and-
blue checked background. We opted not to include such a
visualization because we felt it would make the display too
complex when combined with varying font size and color.

3.4 Other considerations
As discussed earlier, we focused our design on the movie de-
tail page, where 86% of tagging occurred. For consistency
we also incorporated tag expression into the search results
page, shown in Figure 2. Since the search results screen dis-
plays information about many movies, screen space is lim-
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ited. We display three tags for each movie8, each colored
based on aggregate community affect. Users can also add
new tags with a particular affect using the auto-complete text
input box associated with each of the affects.

We created two additional temporary pages to promote tag
expression. The introduction page was shown once to all
users who logged in after we launched tag expression. The
page described the new feature and it also stated that tag
expression data might someday be used to improve users’
movie recommendations. The affect migration page enabled
a user to add affect to tags they had applied before tag ex-
pression was launched.

4 EXPERIMENTAL METHODS
We conducted a field study of tag expression on the Movie-
Lens website, in which we empirically evaluated tag expres-
sion based on activity logs and survey data. The primary
data source for our analyses comprised activity logs collect-
ing during a 3-month period that tag expression was in place,
running from May 27, 2009 to August 27, 2009. These logs
track the tags and associated affect that users applied during
this time. Although we introduced tag expression in April
27, 2009, we excluded the first month of activity in order to
control for the spike of activity that typically comes with a
new interface.

We also compare tagging activity under tag expression to
tagging activity under the previous tagging system. For this
comparative analysis, we included activity logs from Febru-
ary 2006 through April 2009, the range of time that the previ-
ous tagging system was in place (excluding the first month).
A longitudinal study such as this presents many challenges.
First, the data collected under the previous tagging system
spans three years, during which time users’ tagging behav-
ior and perceptions of tagging systems may have changed.
We found that tagging activity on MovieLens was fairly con-
sistent over time; users created 54,867 tag applications in the
first 19 months that the previous tagging system was in place,
compared 57,612 in the last 19 months. Overall user activ-
ity also stayed fairly constant, with 3,184 users logging in
per month under the previous tagging system, compared to
3,201 users per month under tag expression.

Another challenge of comparing the two systems is that tag
expression brought other interface changes besides the pri-
mary change of introducing affect into tagging. First, the rep-
resentation of tags changed from a simple list to a tag cloud
with varying font sizes and colors. Not only does this change
the look of tags, it also increases the size of the tagging area.
Second, the introduction of affect containers changed tagging
from a labeling task to a classification task (like, neutral, dis-
like). Some of the changes in tagging behavior may have oc-
curred in any interface where users classified tags into multi-
ple categories, for example factual, subjective, personal. The
results of our comparative study should be interpreted holis-
tically in respect to the entire set of interface changes.

In addition to analyzing tagging behavior, we conducted an
online survey to measure user satisfaction and explore moti-

8Based on a tag quality metric developed by Sen et al. [24]

Reason % Agree
Better Recommendations 78.5%
Contribute to Community 75.5%

Curiosity 64.5%
Self-expression 60.2%

Fun 48.9%
Organize My Movies 27.8%

Table 2: Percentage of subjects who agreed with rea-
son for tagging (N=97). Differences in agreement
greater than 12% are statistically significant (p<0.05),
based on the Z-test of two proportions.

vations for using tag expression. In the survey, subjects first
compared the tag expression interface to the previous tagging
interface, labeled as Option A and Option B respectively.
Subjects compared the interfaces based on overall prefer-
ence and in respect to specific tasks (self-expression, decid-
ing about movies, learning about movies, finding movies),
selecting one of the following responses: A is much better,
A is better, Both are about the same, B is better, B is much
better. Subjects also responded to two statements that tar-
geted features unique to tag expression: (1) I like seeing the
colors that show how other MovieLens members feel about
the tags and (2) I like the ability to influence the color of
the tags shown to the community. Finally, subjects rated
several reasons for using tag expression (contribute to the
community, self-expression, improve recommendations, or-
ganize movies, fun, curiosity) using a 5-point Likert scale
(strongly agree, agree, neutral, disagree, strongly disagree).

5 EMPIRICAL EVALUATION
In this section we evaluate our design decisions empirically,
based on activity logs recorded during the 3-month field
study and the results of the user survey. We focus on the
three design elements discussed earlier: preference dimen-
sions, affect expression, and display of community affect.

5.1 Preference dimensions
We explored whether users actually used tags to express pref-
erences. We found that users expressed positive or negative
affect for the majority (61.8%) of tag applications, suggest-
ing that preference expression had been successfully adopted
into the tagging task. Further, survey results shown in Table 2
suggest that users largely tagged in order to express prefer-
ence, specifically for improving recommendations (78.5% of
subjects) and self-expression (60.2% of subjects). Contribut-
ing to the community (75.5%) was also a primary motivation
for using tag expression, consistent with other work show-
ing the importance of social motivators in tagging [1]. Some
of the desire to contribute may also relate to preference ex-
pression: 63.9% of survey participants liked the ability to
influence the color of the tags shown to the community.

5.2 Expressing affect
Affect distribution. As discussed earlier, we chose to rep-
resent affect on a ternary scale (positive, neutral, negative).
One indication of a good scale is that users take advantage
of the full range of values. Under tag expression, users cre-
ated 53.4% of tag applications with positive affect, 38.2%
with neutral affect, and 8.4% with negative affect. One im-
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Figure 3: Distribution of tag applications over ratings.

Figure 4: Average number of tags of each affect a
tagger applies to a movie, as a function of the tagger’s
rating of the movie.

plication is that the neutral option was a good design choice,
given that over a third of tags were applied with neutral af-
fect. The low proportion of negative affect is largely due
to which items users tagged. As Figure 3 shows, users ap-
plied over twice as many tags to movies they rated 4 stars
or higher compared to movies they rated less than 4 stars.9
Users’ movie preferences strongly influenced their choice of
affect, as demonstrated by Figure 4. The number of tags
applied with positive (negative) affect increases (decreases)
with movie rating in a nearly linear fashion (R2 = 0.97 in
both cases). Thus although users apply negative affect infre-
quently overall, they rely on it heavily for movies toward the
lower end of the rating spectrum.

We wondered whether certain tags elicited a wider range of
affect values than others. To identify the tags with greatest
affect variation, we grouped affects applied to a given tag and
measured the entropy of the affect distribution. We used the
Bayesian expected entropy measure proposed by Sen et al.,
which measures Shannon entropy but compensates for uncer-
tainty resulting from limited sample sizes [22]. The tags with
greatest affect variation were bleak (entropy 0.982), acting
(0.980), gore (0.974), keanu reeves (0.972), boxing (0.970),
julia roberts (0.969), kevin costner (0.968), eddie murphy
(0.968), incest (0.966), and torture (0.964). Each tag appears
to fall into one of the following categories: (1) tags for which
users have differing preferences (bleak, gore, boxing), (2)

9For this analysis we excluded the 23% of tag applications where the tagger
had not rated the movie.

neutral tags that typically require a qualifier (acting), (3) tags
for specific actors (keanu reeves, julia roberts, kevin costner,
eddie murphy), or (4) tags representing culturally sensitive
topics (incest, torture). One possible explanation for the last
case is that users may sometimes express affect toward the
subject itself (“I dislike torture”) and other times toward the
handling of the subject (“I like how this film addresses the
subject of torture”).

The relative benefits of negative versus positive affect depend
on how tag expression is used. Systems that use tag expres-
sion to generate a top-N list of recommendations may find
positive affect more informative because it reveals candidates
for the top-N list. Systems that predict a user’s preference for
an arbitrary item – such as a search result – may benefit from
understanding both a user’s likes (positive affect) and dis-
likes (negative affect). System designers may choose design
elements that encourage the type of affect most beneficial to
their system. For example, designers who want a higher pro-
portion of negative affect might prompt users to tag items
that they rate lower than 3 stars.

Figure 4 suggests that users choose affect as a way of ex-
plaining how they felt about a movie: users who liked a
movie overwhelmingly expressed positive affect for its tags,
while users who disliked a movie overwhelmingly expressed
negative affect. Prior research has shown that tags can be a
powerful way to explain to a user why a movie was recom-
mended [26]. Users seemed to be intuitively developing such
explanations for themselves. Understanding how users con-
struct these explanations may provide insight for designers
of recommender systems that provide explanations to users.
For example, one issue in designing explanations is how to
choose the proper mix of positive and negative aspects to
show for an item with a certain predicted rating. One ap-
proach would be to use the proportions of positive and nega-
tive affect in Figure 4 corresponding to the predicted rating.

Granularity of affect. As discussed earlier, we chose a per-
item-tag model, where users associate affect with a (movie,
tag) pair rather than a tag in isolation. To evaluate this design
choice, we investigated how users chose affect when apply-
ing the same tag to different movies. We found that in 75.9%
of cases, users chose uniform affect when applying a tag to
multiple movies. These data suggest that the per-tag model
may have been sufficiently expressive to capture user prefer-
ence. However, the per-item-tag was needed for a non-trivial
percentage of cases (24.1%). System designers seeking the
benefits of both approaches might consider a hybrid system
where users may express preferences for tags in isolation or
in the context of a specific item.

5.3 Displaying affect
We chose mean value as an aggregation function because it
balances the goals of showing overall community preference
on the one hand and representing the breadth of opinion on
the other. In this section we evaluate how well tag expression
accomplishes each of these goals.

Breadth of opinion. We investigated how well the displayed
affect reflected the breadth of opinion of individual taggers.
To get a sense of the diversity of displayed affect, we counted
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the number of distinct (movie, tag) pairs of each color across
all movies.10 We found that 48.4% displayed positive affect
(blue or dull blue), 44.3% showed neutral affect (gray), and
7.3% showed negative affect (red or dull red). Figure 5 shows
the distribution of displayed affect as a function of a movie’s
average rating. Overall, negative affect is by far the least
commonly displayed affect. Even for movies with an average
rating of 2 stars, positive affect exceeds negative affect.

The scarcity of negative affect in the display does not nec-
essarily imply that the system is failing to represent the full
range of opinion that users express. Rather, it may simply
reflect the fact that users overwhelmingly express positive
affect (see Section 5.2). To better understand the relation-
ship between the affect that individual users express and the
aggregate affect that the system displays, we computed the
relative proportion of displayed affect as a function of users’
expressed affect, as shown in Figure 6. When a user applies
positive affect to a tag, there is a 94.3% chance that the ag-
gregate affect subsequently displayed will be positive (blue
or dull blue). However, after a user expresses negative af-
fect, there is only a 69.1% chance the aggregate affect will
appear as negative (red or dull red). The difference in per-
centages are statistically significant (p < 0.001, Z-test of
proportions). Thus the aggregation mechanism may be dis-
proportionately suppressing negative affect from the display.
Seeing more positive affect may in turn influence users to ap-
ply more positive affect. This type of cascade effect has been
reported in both tagging and rating systems [23, 6].

System designers who wish to better represent minority opin-
ions may prefer to use a histogram showing all affects applied
and their respective frequencies, as discussed in Section 3.
Alternatively, designers might consider a personalized dis-
play of affect that assigns higher weight to affect applied by
other users with similar tastes. This is analogous to user-
based nearest-neighbor recommender algorithms, which pre-
dict ratings based on a weighted average of ratings from sim-
ilar users [17]. With a personalized display of affect, minor-
ity opinions will be better represented to users likely to share
those opinions.

Overall community preference. We also explored how accu-
rately the aggregation function represents the community’s
overall preferences. As discussed in Section 3, we chose
an aggregation function that computes the mean affect ex-
pressed by users for a (movie, tag) pair. While this aggrega-
tion function summarizes the affect values that users express,
the users who choose to express affect constitute only a frac-
tion of the overall user community. If these taggers’ pref-
erences do not reflect the overall community’s preferences,
then the aggregate affect will not accurately represent the
overall community’s preferences either.

To measure how well taggers’ preferences reflect the commu-
nity’s preferences, we computed the average rating of each
movie among just its taggers as well as over the entire user
population.11 Averaged across all movies, the mean movie

10We included the 20 most popular tags for each movie because tagging sys-
tems typically filter tags based on popularity.

11We included all movies tagged by at least 3 users and with at least 100
ratings.

Figure 5: Distribution of community affect for a movie
as a function of average movie rating, rounded to near-
est one-half star. Shows distribution for rating levels
that have at least 10 associated movies.

Figure 6: Relationship between affect expressed and
final aggregate affect displayed.

rating among taggers was 3.86 compared to 3.63 among all
users (p < 0.001, two-tailed t-test); the difference between
the means is equivalent to a 25% difference in percentile in
average movie rating. Researchers have found users are more
likely to rate items they like [12]; our results suggest that a
positivity bias is also present among taggers. Given the rela-
tionship between movie rating and affect shown in Figure 4,
taggers are therefore expressing more positive and less nega-
tive affect than they would if they accurately represented the
overall community’s preferences.

To better understand the positivity bias in tagging, we esti-
mated the conditional probability of a user tagging a movie
given their rating of the movie. For each user who tagged
under tag expression, we grouped the movies they rated by
rating (1/2 to 5 stars) and computed the proportion of each
set of movies that the user also tagged.12 We then averaged
the results over all of the taggers. Figure 7 shows the re-
sults. If no selection bias existed, the probabilities would all
be equal. The estimated tagging probability is approximately
quadratic (R2 = 0.93) in rating and attains its maximum at
the high end of the rating scale and its minimum towards the
middle of the rating scale.

Tagging system designers who wish to more accurately rep-
resent overall community preference need to account for this
selection bias. One approach is to weight tag applications in

12We only included users at a rating level if they rated at least 2 movies at
that level.
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Figure 7: Probability of a user tagging a movie given
their rating of the movie. Difference from uniform is
statistically significant (p < 0.001, one-way ANOVA)

Prefer A Neutral Prefer B
Overall preference 79.2% 8.3% 12.5%

Self-expression 85.5% 9.3% 5.3%
Decide about movies 59.8% 32.0% 8.3%

Learn about movies 59.8% 26.8% 13.4%
Find movies 40.6% 47.9% 11.5%

Table 3: Percentage of subjects who prefer Option
A (tag expression) versus Option B (previous tagging
system).

the aggregation process. For example, tag applications could
be weighted so that the number of tag applications from users
who rated a movie, say, 3 stars is proportional to the over-
all number of users who rated the movie 3 stars. Alterna-
tively, systems designers who have in mind an ideal distri-
bution of positive, negative, and neutral affect could simply
weight each affect value by a constant factor to achieve this
distribution.

5.4 User satisfaction.
Table 3 shows survey results measuring user satisfaction
with tag expression compared to the previous tagging sys-
tem. Subjects preferred tag expression overall by a substan-
tial margin (79% vs. 13%). Most notably, 86% preferred
tag expression for self-expression, compared to just 5% who
preferred the old tagging system. This result is consistent
with the different tagging models used by the two systems:
while users could express themselves in the old tagging sys-
tem by using subjective tags such as witty or boring, tag ex-
pression is designed explicitly for expression. Depending on
the choice of affect, even factual tags such as Tom Hanks or
romance may provide an outlet for users to express them-
selves. One subject wrote “I like option A because it allows
me to mark tags as like, dislike, and neutral.”

Subjects also preferred tag expression for learning about
movies and deciding whether to watch them. According to
one subject, “Option A is far better than Option B; it shows
more information and allows much clearer ideas of what the
community thinks about a film.” The use of color to rep-
resent tag affect appears to play a key role in this: 76% of
subjects liked seeing the colors that showed how others felt
about movies. Subjects preferred tag expression for finding

movies, but by a much narrower margin; though only 12%
preferred Option B, nearly 50% of users were neutral about
the choice of interface for the finding task.

6 IMPACT ON TAGGING SYSTEM
Tag expression repurposes tagging for the task of preference
expression. But tagging systems must continue to support
traditional tagging tasks such as navigation and organization
[11, 15]. Therefore an important question is how tag expres-
sion impacts the overall health of the tagging system. In this
section we study the impact of tag expression on the volume,
diversity, quality, and types of tags users apply. The results
we present should be interpreted in the context of the limita-
tions of the field study discussed in Section 4.

6.1 Tagging volume
We found that users applied 9,273 tags per month under tag
expression, compared to 3,031 per month under the old sys-
tem, a 206% increase. To understand the nature of the in-
crease in tagging volume, we decomposed each month’s tag-
ging activity into three factors: (1) the number of users who
tagged, (2) the number of movies tagged per tagger, and (3)
the number of tags applied per tagger per movie. We av-
eraged the three factors over each of the two time periods,
and found that significantly more users (+44%) tagged under
tag expression and that they applied significantly more tags
(+68%) to each movie they tagged (p < 0.05 and p < 0.001,
two-tailed t-test).

We also explored the role of tag reuse in the increased rate
of tagging. A user reuses a tag when they apply the tag to an
item that already has the tag. Prior to tag expression, 26.7%
of tag applications came from reused tags. Under tag expres-
sion, the reuse percentage jumped to 69.2%. This difference
is statistically significant (p < 0.001, Z-test of two propor-
tions). In both tagging systems, reuse was available with a
single click. One possible explanation for this increase is
that the introduction of affect gives users a new reason to
reuse existing tags, because they are attaching their personal
opinion to the tag. Some tag reuse is valuable because it re-
veals the most popular tags and encourages vocabulary con-
vergence. However, a potential risk of increased tag reuse
is that users may stop applying tags that are new to items.
We found this not to be the case; applications of tags new
to movies rose from 2,220 per month under the old tagging
system to 2,869 per month under tag expression (difference
not statistically significant). So, even though most of the tag
applications represent reuse, users created sufficiently more
tag applications overall that more original tags were added
each month than with the original system.

6.2 Tag diversity
A related question is how tag expression impacts the overall
diversity of the tagging vocabulary. We measured the diver-
sity of tag applications created with tag expression based on
(1) number of distinct tags and (2) Shannon entropy of tag
applications over distinct tags. We calculated both metrics
for each month of tagging activity under tag expression and
averaged the results. We performed the same computation
for tag applications created under the previous tagging sys-
tem. Both diversity measures were significantly higher un-
der tag expression. The number of distinct tags applied per
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Before After Change
Factual 80.2% 87.2% +8.7%
Subjective 14.6% 12.1% -17.1%
Personal 5.3% 0.8% -84.9%

Table 4: Distribution over tag classes before and after
launch of tag expression. Each difference was sta-
tistically significant (p<0.001) based on Z-test of two
proportions.

month rose by 119.5% (p < 0.001, two-tailed t-test), while
entropy rose by 12.4% (p < 0.01, two-tailed t-test). The
increased volume of tagging may be at least partially respon-
sible for the increase in diversity. Note that it is not clear that
a more diverse set of tags is always better. A more focused
vocabulary may lead to more effective searches under some
conditions. Future research should explore the tradeoffs be-
tween focus and diversity.

6.3 Tag quality
We wished to explore whether the individual tags applied un-
der tag expression were more or less useful than those ap-
plied through the old system. Since a primary function of
tagging systems is to help users search for items, we use tag
“searchability” as a measure of tag quality. We define the
searchability of a tag as the number of distinct users who
have searched for items using that tag, based on tag searches
conducted on MovieLens between December 2007 and May
2009. We define the searchability of a set of tag applica-
tions as the average searchability of the tag associated with
each tag application. We found that tag applications cre-
ated during tag expression had 48% higher mean searcha-
bility (p < 0.001, two-tailed t-test) and 168% higher median
searchability than those created under the old tagging sys-
tem. The improvement in tag quality may be partially due
to the increases in tagging volume and diversity: with more
tags to choose from, users may make better selections when
reusing existing tags.

6.4 Types of tags
In earlier work on tagging vocabulary, Sen et al. divided tags
into three broad classes13: factual (e.g. drama, james bond,
crime), subjective (e.g. funny, overrated, must see!), and per-
sonal (e.g. in netflix queue, mydvds, get) [23]. According to
their study, users generally preferred factual tags to subjec-
tive ones and subjective tags to personal ones. One potential
risk of tag expression is that users may apply more subjec-
tive tags compared to a traditional tagging system because
the subjective tags reflect their personal preferences better
than the factual tags. Increasing the fraction of subjective
tags might make the vocabulary worse for most users.

Table 4 shows the proportion of tags of each type applied
before and after the launch of tag expression. The biggest
percentage change (-84.9%) occurred for personal tags, pos-
sibly due to the low proportion of users tagging to organize
movies as shown in Table 2. Since users liked personal tags
least, this represents an improvement to the tagging vocabu-
lary. Surprisingly, the proportion of subjective tags declined

13These codings covered 36% of tag applications before the launch of tag
expression, and 58% of tag applications after

after the launch of tag expression. One explanation is that
in tag expression users can express their subjective opinions
by applying affect to a factual tag. While only 12.1% of tag
applications had a subjective tag, 62% included a subjective
(positive or negative) affect. By enabling users to express af-
fect separate from the tag itself, tag expression provides an
outlet for expression that does not compromise the tagging
vocabulary.

7 CONCLUSIONS
Tag expression is a novel user interface tool that enables
users to share the way specific tags express their positive or
negative feelings about specific movies. Because these pref-
erences are shared, users can see in aggregate how the overall
community feels about a movie. During three months of us-
age, tag expression has been very popular with MovieLens
users, tripling monthly tagging activity and increasing the
number of active taggers per month by 44%. Further, 79% of
users surveyed preferred tag expression to a traditional tag-
ging system.

We found that tag expression encouraged more community-
oriented tagging behavior. Taggers reused others’ tags more
frequently compared to the previous tagging system, and
taggers applied tags that were more “searchable” by other
users. Further, users of tag expression applied proportion-
ally fewer personal tags than users of the previous tagging
system. Users shared not only tags but also opinions, with
62% of tag applications expressing positive or negative af-
fect. Overall, users valued the exchange of opinions: 76%
liked seeing the colors that showed how others felt, and 64%
liked being able to influence the colors showed to others.
Tagging system designers who wish to emphasize the com-
munity aspects of their systems may find tag expression a
rich way to encourage more community-directed tagging be-
havior.

Future work may explore recommender algorithms that uti-
lize tag expression data. The level of detail provided by
tag expression may help improve recommendation accuracy,
particularly in domains such as housing or travel where users
may rate only a small number of items. While previous re-
searchers have investigated using tags in recommender algo-
rithms [25, 27], additional work is needed to develop rec-
ommender algorithms that consider the affect of a tag. Fur-
ther, recommender systems might use data collected from tag
expressions to generate more detailed predictions. For ex-
ample, a movie recommender might predict that a particular
user will like the drama of “Saving Private Ryan”, but dislike
the violence. More fine-grained predictions would help users
choose items based on mood, and also serve to explain the
recommendation to users [26, 10].

Tag expression has a wide variety of potential applications.
News websites could use tag expression to collect and visual-
ize public opinion on the day’s events. Aggregator sites such
as Digg14 might use tag expression as a way to aggregate in-
terest along multiple dimensions. Rather than selecting just
the most highly rated content, aggregator sites could high-
light the most intelligent, witty, or uplifting content, based on

14http://www.digg.com
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the number of times the respective tag was applied with pos-
itive affect. Social bookmarking sites could use affect as an
additional dimension by which to index and retrieve items.
For example, a user of CiteULike15 may wish to find ex-
amples of papers with a strong introduction; with the added
dimension of affect, they could retrieve all papers where in-
troduction is associated with positive affect. We encourage
system designers to explore these and other alternatives.
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