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Abstract. In this paper, we propose a framework to improve the relevance of awareness information about people and subjects, by adapting
recommendation techniques to real-time web data, in order to reduce
information overload. The novelty of our approach relies on the use of
contextual information about people’s current activities to rank social
updates which they are following on Social Networking Services and other
collaborative software. The two hypothesis that we are supporting in this
paper are: (i) a social update shared by person X is relevant to another
person Y if the current context of Y is similar to X’s context at time of
sharing; and (ii) in a web-browsing session, a reliable current context of
a user can be processed using metadata of web documents accessed by
the user. We discuss the validity of these hypothesis by analyzing their
results on experimental data.

1

Introduction

On Social Networking Services (such as Facebook4 , Twitter5 , LinkedIn6 ) and
other collaboration software, people maintain and create new social ties by sharing personal (but not necessarily private) social updates regularly to their community, including status messages and bookmark notifications. As depicted on
Figure 1, a social update is a short message sent to a group of interested persons
(e.g. a community). It can consist of a one-sentence news or question, an anchor,
a picture, or a comment, to share their current thoughts, activities, intentions
and needs.
On most of these tools, social updates are not meant to be consumed in a push
fashion, i.e. like emails, that are aimed at specific recipients and stacked in their
inboxes. Instead, community members can go through the list of short social
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Fig. 1. A status update from Twitter, and a bookmark update from Delicious.

updates of the people or subjects (e.g. hashtags on twitter) they follow, to get a
quick feeling of awareness about those they care about. However, as the number
of people and subjects being followed increases, the time required to get through
to the social updates they emit also increases, causing a loss of productivity.
Additionally, as social updates are broadcast in real-time, they create frequent
interruptions that can reduce people’s ability to focus on a demanding task,
especially when the social updates are not relevant for this task (because it
would induce a costly cognitive switch).
In response to this emerging problem of information overload, we propose
a framework to rank social updates according to real-time distances in-between
users’ contexts, which are processed on social and meta-descriptions of the web
documents the users are looking at. The two underlying hypothesis that we are
supporting in this paper are: (i) a social update shared by person X is relevant
to another person Y if the Y ’s current context is similar to X’s context at time
of sharing; and (ii) in a web-browsing session, a reliable current context of a user
can be processed using a combination of tags and metadata of web documents
accessed by the user.
In the next section, we motivate our approach by explaining how contextawareness and current web techniques can be leveraged to improve awareness.
In section 3, we survey existing work related to our problem. In section 4, we
describe our contextual recommendation framework to provide relevant social
updates to people. In section 5, we present our experimental setup and results
to evaluate the human response to this approach. We will then discuss these
results and propose future work.

2

Motivation

Vyas et al. proved [18] that informal ties between co-workers are essential to
improve awareness, and thus better collaboration. In previous studies [9, 8], we
have identified that contextual information about users could be leveraged to
assist the sharing of social updates, and thus maintain these ties, while reducing interruptions. Context was defined by Dey [5] as ”information that can be
used to characterize the situation of an entity. An entity is a person, place, or
object that is considered relevant to the interaction between a user and an application, including the user and applications themselves”. In most context-aware
applications, researchers have been relying on sensors to extract contextual information. As tagging becomes a common practice on the Internet, rich contextual
information can also emerge from human-generated content.

Despite some semantic issues related to ambiguity of terms combined in folksonomies, the increasing amount of tags given by Internet users on digital resources [12, 11] (e.g. web pages tagged on delicious7 ) have become good indexing
features for recommender systems [7, 15]. With the growing use of twitter and
geotagging applications in mobility, tags are now emerging from places, events
and other real-world entities [13], which implies exciting opportunities to create
new ambient intelligence, ambient awareness, augmented reality, and other social
applications.

3

Background

To the best of our knowledge, the closest existing solution to our problem is a
web-based service and mobile application called My6sense 8 . This software can
filter entries from RSS and other feeds (including social updates) according to
the user’s preference. This content-based filtering technique relies on a profile
which contains the user’s subjects of interest, and this profile is continuously
evolving by tracking which entries are consulted by the user. Similarly, SoMeONe [1] is a collaboration tool that can recommend contacts (and their selection
of web resources) to users by identifying communities of interest around topics, using collaborative filtering. The names of users’ bookmark categories are
leveraged as topics. groop.us [3] applied the same approach while relying on tags
attributed to web pages by users (folksonomies from a social bookmarking website) instead of hierarchical categories. In these approaches, recommendations
are based on documents that were explicitly selected and shared (bookmarked)
by users. Despite the evolving design of user profiles, the filtering is not adaptive
to the user’s current context.
It is possible to provide collaboration opportunities by recommending people
that are currently browsing similar documents [4, 2], based on a TF-IDF analysis
[17] of their content, users’ context being represented by weighted term vectors.
These recommendations can also include some information about people’s current activities, as identified by a software module that tracks users’ actions on
their computer (e.g. chat sessions, office documents being edited, etc...) [6]. However these efforts don’t leverage tags proposed by web users.
In the PRUNE framework [10], contextual entities (e.g. person, place or resource) and events can be extracted from heterogeneous sources like RSS feeds,
web APIs and manual user entry. The Notes that Float application leverages this
framework to attach such contextual information to notes added by the user, so
that their individual visibility depends on their relevance with the user’s current
content, which relies on their similarity with the context at the time these notes
were added. However, we have found no evidence that tags were leveraged in
this application. Moreover, previous collaborative systems imply potential privacy issues.
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Fig. 2. Sample contextual tag cloud: a set of words describing one’s context

4

Contextual recommendation framework

After having identified that contextual information about people can be leveraged to further describe the documents they are browsing/editing, and thus to
recommend these documents to people that are in a similar context, we have
reviewed several techniques and applications that are relevant for ranking documents.
In this section, we study the case of enterprise employees working on computers, then we present a framework and software implementation of an adapted
social update recommender system which considers web-browsing context as a
relevance criteria, and leveraging their tags as features.
4.1

Case study

As a motivating case, we propose to consider an enterprise environment where
employees work on individual networked computers. They don’t know everybody
in the enterprise, and are possibly spread across several offices in several cities,
or even different countries. Such organizations traditionally rely on hierarchies
of managers to coordinate the efforts of workers and transfer information to the
relevant parties.
We propose an internal social networking tool that allows every worker to
share and retrieve relevant information about the current interests and status
of their colleagues, while reducing unnecessary task interruptions and network
maintenance time. This system will rely on various stream/feed to leverage personal current thoughts, activities, intentions and questions, and must respect
their privacy (e.g. case of private browsing).
4.2

Contextual tag clouds

As users are working on computers in the case study presented above, most
contextual information about their current activity can be extracted from the
software they use (e.g document edition and viewing). In this study, we assume
that descriptions about the web sites they are currently browsing (e.g. to find
some reference on an ongoing task), can provide clues on the user’s current activity. Users’ context can thus be modeled as a set of weighted terms, combining
metadata and tags about these browsed web pages. As these terms can potentially reveal private or confidential information, users must be able to quickly

Fig. 3. Overview of the contextual recommendation loop

visualize and edit them before submitting to a recommender system. We propose
the name of ”Contextual Tag Clouds” to refer to these human-readable contexts
based on a weighted combination of tags and other descriptive terms, as depicted
on Figure 2.

4.3

Data flow and user interaction

As depicted on Figure 3, contextual information is extracted from user-manipulated
content (in our case, descriptions of web pages currently browsed) by sniffers
running on every user’s computer. For privacy control reasons, no contextual
information will be ever sent to any remote party without user confirmation.
Contextual information is represented by a set of weighted keywords, and represented as a tag cloud.
Also running on the user’s computer, an aggregator gathers events from all
these sniffers, and queries several web services to generate weighted tags, in order
to combine them in a contextual tag cloud that represents the user’s current
context.
When posting a social update (e.g. a tweet), the user can attach his/her current contextual tag cloud, so that the contextual filter (i.e. a recommender system
running in the infrastructure) can match it with other users’ last contextual tag
cloud, using a relevance function.
This social update will then be recommended to users whose last contextual tag cloud is relevant to the one attached to the social update. That way,
every user gets a dynamic (near real-time) list of recent social updates, sorted
by decreasing relevance score as they browse the web. Like with regular social
networking and microblogging services, these short social updates can be quickly
read by users to remain aware of relevant activities going on in their communities. They can also decide to reply to social updates or to call their author.

4.4

Ranking model

The theoretical framework that we designed to solve our relevance ranking problem relies on a vector space model, five weighting functions, an aggregation operator and a relevance function. The weighting functions are equivalent to context
interpreters [5]: they transform raw data (in our case, URLs of web documents
being browsed by the user) into higher-level information (contextual tags) by
abstraction.
The contextual tag cloud model is equivalent to the vector space model proposed by Salton [17]. Notice that, in this paper, the word tag refers to terms,
whatever their origin. Traditionally, a set of terms resulting from the analysis of a
document d is formalized as a vector of weights v(d) = [w(t1 , d), w(t2 , d), ..., w(tN , d)]
attributed for each term t = [t1 , t2 , ..., tN ∈ R]. The specificity of our model lies
in the combination of five functions applied on browsed documents (and their
crowd-sourced description: tags) to compute the weights:
1) the Metadata function counts occurrences of term t with different coefficients (α, β, γ), depending of the position of this term in document d’s metadata:
w1 (t, d) = α ∗ |t ∈ Td | + β ∗ |t ∈ Kd | + γ ∗ |t ∈ Dd |
where |t ∈ Td | is the number of occurrences of the term t in the title of the
document d, |t ∈ Kd | in its keywords set, and |t ∈ Dd | in its description text.
2) the SearchQuery function counts the number of occurrences of term t
in a search query Qd , when the analyzed document d contains a list of search
results:
w2 (t, d) = |t ∈ Qd |
3) the DomainNames function adds the domain names (including subdomains) Nd from document d’s URL as terms:
w3 (t, d) = |t ∈ Nd |
4) the SocialBookmarks function counts the number of people who publicly
bookmarked the document d using the term t as tag:
w4 (t, d) =

X

tag(p, d, t)

p∈P

where each person p is in the set of people P that are using this bookmarking
service, and where tag(p, d, t) has a value of 1 or 0, whether or not this person
p bookmarked the document d using term t as a tag.

5) the SemanticAnalyzer function counts the number of occurrences of
semantically-defined entities (i.e. concepts and instances) that are represented
by the term t, when they are identified in the document d:
w5 (t, d) = |t ∈ Rd |
Rd = [∀e ∈ Ed , repr(e)]
where repr(e) is the textual representation of a semantic entity e, Rd is the set
of textually represented entities Ed found in the document d. This function is
further described in the next part of this section.
Additionally, we define an aggregation operator and a relevance function that
leverage the vectors resulting from the weighting functions above:
The aggregation operator is the addition of given weighted term vectors, after
their individual normalization. The normalized form kvk of vector v conforms
PN
to
t=t1 kvt k = 1, with weight values vt ∈ R in the range [0, 1]. Thus, the
aggregation operator applied to a set of vectors V = [v1 , v2 , .., vM ] acts as the
following function:
M
X
kvt k
aggr(V ) =
t=1

The relevance function between normalized vectors, like in traditional vectorbased models, relies on cosine similarity. Thus, the relevance of a tag cloud vector
R with another tag cloud vector S is computed by:
relevance(R, S) =

R·S
kRkkSk

which returns a relevance score r ∈ R in the range [0, 1], 1 being the maximum
relevance score (i.e. contextual equality).
4.5

Software implementation

The framework described above was designed as a modular architecture, according to the data flow depicted in Figure 3, in which software modules communicate
through RESTful HTTP requests. In this section, we present the implementation
of these modules:
– A Firefox extension9 acts as a context sniffer and a notifier. For sniffing, it
hooks on the browser’s events related to opening, closing and switching web
pages, and transmits these events with the corresponding URLs to the local
Context Aggregator for processing. At the end of the flow, the recommended
social updates are displayed in the side-bar of the browser.
9
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– The Context Aggregator handles local events with their attached contextual
information, and runs weighting functions on this information to produce an
aggregated (and thus normalized) contextual tag cloud for the Contextual
Filter, using the aggr() function defined in the previous section. The weighting functions are implemented as five interpreters that turn URLs into contextual clouds (i.e. weighted term vectors). The Metadata interpreter parses
the title, description and keywords elements from the HTML source code
of each web page to produce the corresponding weighted terms, with the
following parameter values: α = 50 per term appearing in the title, β = 10
in the keywords field, and γ = 1 in description field. The SearchQuery interpreter extracts query terms from Google Search10 result pages. The SocialBookmarks interpreter gathers tags given by users about a web page, when
existing on the Delicious social bookmarking service. The SemanticAnalyzer
gathers textual representations of semantic entities that were identified in
the web page, thanks to the SemanticProxy web service11 .
– The Contextual Filter receives contextual clouds gathered and interpreted
by users’ aggregator, computes relevance scores between them using the
relevance() function, and recommend best-ranked social updates to each
user (through their notifier ). Social updates are gathered by subscription
to the users’ declared third-party social feeds/streams (e.g. their Twitter
account).
This software ecosystem is functional and gives a good sense of the benefits
of our approach. In the next section, we present an evaluation of the underlying
framework.

5

Evaluation

In order to evaluate the validity of our hypothesis on relevance of contextually
recommended social updates, we gathered browsing logs and social updates from
8 volunteers during one week, ran our algorithms on these logs to generate 1846
contextual clouds (every 10 minutes), and asked the volunteers to rank the quality of a selection of social updates. In this section, we define the experimentation
plan we followed, explain its setup, then discuss the results obtained.
5.1

Experimentation plan

The evaluation of our hypothesis relies on two measures: (i) the relevance of social
updates with the context of their author at the time of posting, and (ii) their
relevance for other users in similar contexts. As the quality of recommendations
is to be evaluated by users with their own browsing behavior, implied contexts,
and own social updates, we did not rely on existing evaluation data sets such as
the ones from TREC, nor follow a scenario-based experiment.
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During one week, volunteers browsed web pages using Firefox and produced
social updates (i.e. shared statuses and bookmarks), while the provided sniffing
extension was logging the required browsing events to a local database. At the
end of this period, they were proposed to review these log entries, so that they
could remove privacy-critical entries when needed (e.g. private activities, and
other noisy data that is irrelevant to this study), and then send us their log.
Afterwards, we ran our algorithms on the browsing logs and social updates
provided by volunteers, to produce personalized survey forms containing ranked
recommendations for each volunteer. We asked each volunteer to fill two personalized surveys. In the first survey, we asked volunteers to rate the perceived
relevance of three random social updates with five contextual clouds generated
from their own web browsing data. For each context, only one of the proposed
social updates was actually a well-ranked match. In order to support them in
remembering those contexts, we provided the list of web pages that were being
browsed by the volunteer at that time. In the second survey, volunteers rated
the relevance of their own social updates with their contextual tag cloud at the
time of posting.

5.2

Experimental setup and process

In this section we provide the process and parameters that we set to generate
these personalized surveys from the logs provided by volunteers.
Because the experiment was not interactive, we indexed contextual clouds
and social updates on a common time line with a period of 10 minutes. Contextual clouds are generated from the list of URLs involved in a web browsing
event, i.e. when the page was opened, selected or closed. Indexing a social update
consists of associating it with the contextual cloud of the last context snapshot
at the time of posting this update. If there is no known context information in
the previous snapshot, we use the one before the previous. Every indexed contextual cloud is processed to split multiple-word tags, cleaned from punctuation
and other non-literal characters, filtered against a stop-words list, and then normalized so that the sum its tags’ weights equals 1. Only the first 20 tags (with
highest weights) are displayed to volunteers. As shown on Figure 2, a contextual
tag cloud can contain diverse kinds of terms, such as words in various languages,
word combinations and acronyms.
Then, we ran the recommendation algorithm on the contextual and social
indexes in order to produce a relevance matrix for each participant. In order to
generate a participant’s personalized survey, we selected 5 heterogeneous contexts (i.e. the most dissimilar to each other) that were matched (by the recommender) with at least one highly-ranked social update. The second survey was
simply generated by correlating users’ social updates with their corresponding
context.

5.3

Results

As stated above, the results are twofold: we gathered scores given by every participant on (i) the relevance of social updates with the context of their posting,
and (ii) the relevance of social updates for other people with similar contexts.
Relevance of contextualized social updates: In order to measure the consistency of contextual clouds as reference documents for recommending social
updates, we asked the participants to rate the relevance of each of their own
social updates (e.g. their tweets and bookmarks) to the contextual cloud representing their current situation at time of posting/sharing.
Over a total of 59 social updates, their authors rated an average relevance
to context of 50.3%. The following distribution of ratings is observed: 19 social
updates were ranked 1 (low relevance), 10 were ranked 2, 14 were ranked 3, and
16 were ranked 4 (high relevance). These social updates are gathered from several
social streams: 54% are status updates posted on Twitter, 29% are bookmarks
instantly shared through Delicious.
By further analyzing these specific types of social streams, we discovered an
average relevance score of 71% for shared bookmarks, and 38% for status updates from Twitter. It is natural that new bookmarks are more relevant to their
context, as the web document that is bookmarked is usually being browsed by
the user, and thus represented in the corresponding contextual clouds. Concerning status updates, Naaman et al. [14] proved that only 41% of social updates
from twitter are actual statuses about the current activity of the person (categorized as ”me now” by the authors). The similarity of this proportion with our
average contextual relevance score for status updates gives some proof, although
preliminary, about the consistency of our results.
Relevance of recommendations: As explained in the previous section, social
updates proposed to users are voluntarily not all relevant. Our goal is to observe
a correlation between the relevance scores given by participants and the rankings
computed by the system. Thus, we rely on a Mean Percentage Error (based on
MAE, Mean Absolute Error) to define the following accuracy function:
Q
X
accuracy = 1 −
|relevance(Cq , Uq ) − rating(Cq , Uq )|
q=1

in which, for each proposed social update q, relevance(Cq , Uq ) is the relevance
score of the social update Uq with the contextual tag cloud Cq , as evaluated by
the ranking algorithm. Whereas, rating(Cq , Uq ) is the actual relevance score, as
given by the volunteer. Both scores are values in the range [0, 1], represented
as percents. As rating() scores are given by volunteers in the [1, 4] grade rating
range, they are converted to percents with the following formula:
rating =

(grade − 1)
3

We observed an average accuracy value of 72%. As a natural behavior of
recommender systems, the best-ranked ratings (mostly in Rank 3 ) are slightly
overestimated by the recommendation algorithm, whereas low relevance ratings
(Rank 1 ) given by participants are higher than expected.
From the list of relevance ratings expected by the recommendation system,
63% are low ranked (Rank 1 ), whereas 19% are medium-high (Rank 3 ). The high
number of low-ranked scores and the medium ranking of better scores expected
by the algorithm reveals that highly similar contextual clouds were rare in our
small scaled experiment. By increasing the number of participants, more similar
contexts would be found, thus the average scores would naturally increase.

6

Conclusion

In this paper, we proposed a theoretical framework, a privacy-aware implementation and its evaluation to rank social updates by contextual relevance, for
reducing information overload. Through the analysis of experimental results, we
evaluated a combined weighting scheme based on social and meta-descriptions of
web pages being accessed by the user, as a contextual criteria for recommending
relevant social updates. This study explores the potential of our novel recommendation approach based on contextual clouds. Despite the small scale of this
preliminary experiment, our results are promising. The average accuracy of recommended social updates: 72%, is significant for a web recommender system.
We observed that the relevance perceived by users increases as social updates
reflect the current activity of their authors.
In order to improve the performance of our system, we intend:
– to improve the quality of context with emergent semantics of tags [16].
– to broaden the range of context, by developing additional context sniffers,
including documents, and physical context information from mobile devices.
– to find more precise relevance factors between specific types of social updates
and contextual properties, after having carried out a higher-scale experiment.
– and to improve the scalability of the system when used simultaneously by
numerous users (currently: O(n2 ) complex), e.g. using tag clustering.
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