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ABSTRACT
This paper presents an anatomy of Hypertext 2011 – focusing on
the dynamic and static behavior of the participants. We consider
data collected by the CONFERATOR system at the conference, and
provide statistics concerning participants, presenters, session chairs,
different communities, and according roles. Additionally, we per-
form an in-depth analysis of these actors during the conference con-
cerning their communication and track visiting behavior.

Categories and Subject Descriptors
J.4 [Computer Applications]: Social and Behavioral Science

General Terms
Human Factors, Measurements

Keywords
social network analysis, rfid, proximity, contact network, confer-
ence

1. INTRODUCTION
In business and science, conferences provide important interac-

tions: They foster the exchange of knowledge and enable face-to-
face contacts between their participants for personal networking,
e. g., in order to start interesting discussions, to form and strengthen
cooperations (and business relations), and to initiate new projects.
Understanding the mechanisms in such contexts is important to in-
crease the efficiency and effectiveness of individual networking.
Therefore, the analysis of conferences provides an interesting re-
search field. However, such an analysis is not easy if conventional
tools like questionnaires are used, since then mostly static analyses
of the behavior and processes can be performed, while the dynamic
nature of conference interactions is not accounted for.

In this paper, we present an in-depth analysis of the static and dy-
namic nature of a conference (Hypertext 2011). We collected data
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using the CONFERATOR system:1 It employs active RFID technol-
ogy provided by the SocioPatterns consortium.2 CONFERATOR is a
personalized conference management system for organizing social
contacts and the conference program. Using the system, RFID data
capturing the contacts and locations of the conference participants
were collected at Hypertext 2011. To this end, we used a new gen-
eration of resource-aware active RFID tags, called proximity tags.
The technical innovation of these proximity tags is the ability to
detect other proximity tags within a range of up to 1.5 meters.

One of the first experiments using this kind of RFID tags at con-
ferences was performed by Cattuto and colleagues, cf. [1, 9, 18].
We extend their findings with a number of (un-)expected results
for homophily and session attendance of the participants. To the
best of our knowledge, this paper proposes the first comprehensive
analysis of the track attendance of the participants, their communi-
cation behavior and an analysis concerning their submitted papers.
By investigating different correllations between the selected fea-
tures in the data we find insights into the anatomy of the Hypertext
conference 2011. We also describe an analysis of the data along
several dimensions: First, we provide an overview of the collected
data, discuss the overall structure, and analyze general effects con-
cerning different groups (e.g., presenters, chairs, track participants,
etc.). Furthermore, we consider different communities, e.g., con-
cerning the individual tracks and sessions, but also automatically
mined communities. We show an analysis of different roles in these
contexts by characterizing the different participating subjects and
groups at the conference and by mining role profiles.

The rest of the paper is structured as follows: Section 2 discusses
related work. After that, Section 3 introduces the RFID-Setup and
explains the CONFERATOR system in more detail. Next, Section 4
describes the collected dataset. Section 5 starts the analysis: We
discuss the community structure and the static and dynamic anal-
ysis of the behavior of conference participants. Furthermore, we
analyze different roles and derive role profiles using pattern min-
ing. Finally, Section 6 concludes the paper with a short summary.

2. RELATED WORK
Homophily and mixing patterns in social networks have been in-

vestigated, e.g., by McPherson et al. [13] from a sociological point
of view. They observed, that it is far more likely for people to con-
nect to each other if they have something in common. We extend
those findings by showing that in some contexts people are more
interested in talking to people with different fields of interest. Cat-
tuto and colleagues presented several important results by analyz-
ing social dynamics in various environments using RFID technol-

1http://www.conferator.org
2http://www.sociopatterns.org
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Figure 1: Proximity tag (left) and RFID reader (right)

ogy: In [9], the authors compare the social activity of conference
attendees with their research seniority and their activity in social
web platforms like Facebook, Twitter and others. They also extend
their focus to schools [17] and hospitals [11]. They present ag-
gregations of contact measures between different groups of users.
In contrast to their work, we focus on correlating the conversation
profiles and the participants’ track attendance with features like the
track communities, the organizational roles within the conference
such as session chairs and speakers, and their submitted papers.
The characterization of nodes in a social network is an interest-
ing and challenging task. Several works like [10] and [16] present
methods to cluster nodes of a social network into different roles. In
this work, we focus on the method proposed in [16], because this
method allows us to consider a given community structure.

Subgroup discovery [20, 7] aims at identifying exceptional pat-
terns with respect to a given target property of interest according
to a specific quality measure. We apply subgroup discovery for the
characterization of different roles. Similar work has been done, for
example, in characterizing spammers [6], and in identifying pro-
files for the maturity of tags in social bookmarking systems [3].

3. CONFERATOR – A SOCIAL CONFER-
ENCE MANAGEMENT SYSTEM

In the following section we first outline the active RFID tech-
nology used in the CONFERATOR system. Next we introduce the
CONFERATOR and its functionality.

3.1 RFID Setup
One of the key components of CONFERATOR is a new genera-

tion of so-called proximity tags (see Figure 1), developed by the
SocioPatterns project. The most important feature of these tags is
the possibility to detect other proximity tags within a range of up to
1.5 meters, which allows the identification of face-to-face contacts.

The RFID setup at a conference requires the installation of RFID-
Readers at fixed positions in the conference area. The RFID readers
(see Figure 1) receive the signals from the tags that are worn by the
participants and forward them to a central server. This makes it pos-
sible to determine the location of each tag and therefore the location
of a conference participant at room-level basis. For obtaining the
location of participants there are several options [15], including a
simple algorithm proposed in [14]: Here, the participant is assigned
to the room whose RFID readers received most packages with the
weakest signal strength. For more details on the proximity tags, we
refer to Barrat et al. [8] and the OpenBeacon website.3

3.2 Conferator
The CONFERATOR-system [2] is a social and ubiquitous confer-

ence guiding system. CONFERATOR consists of two parts: The
TalkRadar4 of the University of Pittsburgh. TalkRadar is based
on Pittsburgh’s Conference Navigator [19]. and the PeerRadar.
3http://www.openbeacon.org
4Since June 2011, CONFERATOR is jointly developed with the
Personalized Adaptive Web Systems Lab (http://www2.sis.
pitt.edu/~paws/)

Figure 2: Screenshot of the CONFERATOR’s PeerRadar show-
ing a user profile page. The page shows information about
latest BibSonomy posts, trust circles, context information (e.g.
current position), social tags and general information (e.g. in-
stitute or email address).

TalkRadar allows conference participants to manage their confer-
ence schedule, PeerRadar is like an online business card, that sup-
ports the social interaction at a conference. In PeerRadar, for ex-
ample, it is possible for conference participants to see their own
contacts or to browse through other conference attendees’ user pro-
files (see Figure 2). CONFERATOR has successfully been deployed
at several events, e.g., the LWA 20105 and LWA 20116 confer-
ences, the Hypertext 20117 conference, and a technology day of the
VENUS8 project. In this paper, we focus on data collected with the
PeerRadar component of CONFERATOR at Hypertext 2011.

4. DATA SET
In the following section we first describe our dataset collected

at the Hypertext 2011 conference in Eindhoven, before presenting
some overview statistics of the collected data.

4.1 RFID Data
At the Hypertext 2011 conference, we asked each conference

participant to wear an active RFID tag. All in all 75 of 95 partic-
ipants took part in our experiment which started June 6, 2011 at
14:00 and ended June 9, 2011 at 14:00. In the four days of the
conference we recorded 2620 face-to-face contacts between partic-
ipants. As in [18], a face-to-face contact is recorded when the du-
ration of the contact is at least 20 seconds. A contact ends when the
two corresponding proximity tags do not detect each other for more
than 60 seconds. Obviously the length of a contact plays an impor-
tant role in defining a contact. In Figure 3, we see the distribution
of the corresponding contact durations of all conference face-to-
face contacts. Here, the x-axis represents the minimum duration
of a contact in seconds, while the y-axis shows the probability of
a contact having at least this duration. The axes are scaled loga-
rithmically. As already observed, e. g., in [12] and [4], we see that
5http://www.kde.cs.uni-kassel.de/conf/lwa10/
6http://lwa2011.cs.uni-magdeburg.de/
7http://www.ht2011.org/
8www.iteg.uni-kassel.de/
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most of the contacts are less than one minute and that the durations
show a long-tailed distribution. The average path length (APL) is
also similar to the findings in [12] and [4].
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Figure 3: Cumulated contact length distribution of all face-to-
face contacts between participants of the hypertext conference.

In the following, we introduce the notation for the contact graph
GΣ(i). An edge {u, v} is contained in GΣ(i), iff the sum of all
contact durations between participants u and v is at least i seconds.
In Table 1 we present some standard statistics of the contact graph
GΣ(i). The diameter of the contact graph GΣ(i) shows similar
values to those already presented results in [12][4].

The high average degree of the contact graph GΣ(20) indicates
that those taking part in the experiment (at least briefly) came into
contact with the majority ( 41

75
= 55%) of the other participants. For

longer conversations this average degree decreases very quickly.
Here, for example, in average each participant only has contact
with approximately 10

75
= 13% of the other participants taking into

account conversations longer than 10 minutes.

Table 1: General statistics for several contact graphs with dif-
ferent thresholds (in seconds). Here d is the diameter, APL
the average path length and LCN the largest clique number in
GΣ(i)

Network |V | |E| d Avg.Deg. APL LCN
GΣ(20) 68 698 4 41 1.76 14
GΣ(60) 66 498 4 30 1.91 11
GΣ(300) 60 246 5 16 2.36 8
GΣ(600) 58 142 7 10 3.01 5
GΣ(900) 53 98 8 7 7.39 4

In this paper, we focus on the different community structures, i.e.
partitionings, induced by country of origin, academic status, affili-
ation with the Hypertext conference series, and affiliation with one
of the four conference tracks. In Table 2, we present some statistics
about the different community stuctures. We classify participants
as highly affiliated with the Hypertext conference series if they pre-
sented a paper more than three times at Hypertext conferences in
different years. The affiliation of a participant is low when he or
she has never presented a paper or presented a paper at Hypertext
2011 for the first time. All other participants are classified with a
medium affiliation. For every author and coauthor of a paper we
define his or her track membership by the track the paper was sub-
mitted to. The session and track chairs are also assigned to their
respective tracks. For attendees who could not be assigned to a
track, this information is not available (n/a).

Table 2: Partitions of the set of participants into communities
according to country, academic status, affiliation with HT and
track. For each community, its number of participants is listed.

Country
Australia 3
Austria 3
Belgium 2
Canada 2
Denmark 2
Finland 1
France 1
Germany 11
Ireland 2
Italy 5
Japan 6
Netherlands 9
Poland 1
Slovakia 1
Spain 3
United Kingdom 10
USA 10
n/a 3

Academic Status
Professor 14
PhD-candidate 34
PhD 20
Other 7
Affiliation with HT
high 12
medium 17
low 46
Track
DynHyp 12
SocialMedia 19
StoryTelling 6
UbiquHyp 5
n/a 33

As already mentioned we placed several RFID readers at fixed
positions in the conference area. To identify the track attendance
of all participants we particularly fixed one RFID reader in each
lecture room. Figure 4 gives an overview about how many track
members attended their own and the other tracks, respectively.

In the Social Media pie chart we see for example, that 60% of all
participants who visited the Social Media track are also members
of the Social Media track. 5% are members of the Interaction, Nar-
rative and Story Telling track, 11% are members of the Emerging
Structures and Ubiquitous Hypermedia track and 24% are mem-
bers of the Dynamic and Computed Hypermedia track. A more
detailed analysis of the track attendance and the behaviour of the
participants is described in Section 5.2.
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Figure 4: Overview of the track attendance for the different
tracks. Each pie chart visualizes the distribution of track at-
tendance by members of the different tracks.



5. ANALYSIS
In this section, we investigate the correlation between the given

community structures and their contact patterns, followed by an in-
depth analysis of the conversation behavior of participants and their
visited tracks and sessions. We conclude the analysis by extracting
several roles from contact graphs in order to reveal additional in-
formation on how the participants are embedded within the social
network of this conference. For this purpose, we mine descriptive
(subgroup) patterns characterizing prominent roles, and include a
detailed time-based analysis.

5.1 Community Structure
In the following, we analyze the connection between the link

structure of the contact graph and the four partitionings in commu-
nities listed in Figure 2. To analyze the compatibility of the link
structure and a community structure, we use the alignment mea-
sure proposed in [16]. For this measure we recall from [16] the
definitions of complete node pairs and pure node pairs. A com-
plete node pair is a pair (u, v) of nodes where both nodes u and v
are linked and belong to the same community. A pure node pair is
a pair (u, v) where u and v are not linked and do not belong to the
same community. As in [16], we define the parameters p and q as

p =
# complete node pairs

# total linked node pairs

q =
# pure node pairs

# total non-linked node pairs

(1)

Here we note, that high values for p and q indicate that the com-
munity structure fits the link structure well. In our experiments we
use the p- and q-values to analyze how the four different commu-
nity partitionings induced by track, country, academic status and
affiliation are aligned to the link structure of the hypertext contact
graph. We focus in particular on the change of alignment when
only longer contacts are considered. This means that we calculate
and compare the p- and q-values for the contact graphs GΣ(60),
GΣ(120), GΣ(180), . . . .

The results are shown in Figure 5 (p-value) and in Figure 6 (q-
value). In these figures, for example, looking at contacts with con-
tact lengths of more than 1 minute, we observe that the probability
of being in contact within the same track-community is 39.3%. If
there is no contact between two persons the probability of them be-
ing in different communities is 82.1%. In general, we see that the
p-value fluctuation of the community structures, affiliation, coun-
try and academic status over the different time thresholds is rather
low. Only the p value for country increases from 18.2% to 41.1%
between time threshold 1 and 26.

Looking at the p-value for the community structure track we see
an interesting development. The greater the length of a conversa-
tion the higher the probability of having a contact within the same
track-community. Here, the increase is from 39.3% to 83%. A
possible reason for this might be that some tracks are filtered out,
because of the increasing time threshold. For example, when only
participants of one track are available the p-value is clearly one. In
this paper, we show that the probability to have a contact within
the same community is dependent on the contact length. We vali-
date our conclusion by calculating the p-values for the community
structure track over different permutations of the participants’ track
attendance. Here, we repeat the experiment 100 times and average
the p-value results. The result is shown in Figure 7. We see that the
p-values of the real community structure increase much faster than
the p-values of the random community structure. In Figure 6, we
see that the q-value for all community structures track, country and
affiliation and academic status is monotonically increasing. This is
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Figure 5: Overview of the p value results for the community
structures track, country, affiliation and academic status.
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Figure 6: Overview of the q value results for the community
structures track, country, affiliation and academic status.

not surprising since the increase (from time threshold t to t + 1)
of the number of total non-linked node pairs must be at least the
increase of the number of pure node pairs.
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membership.
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Figure 8: Example of a contact c sliced into five different parts
with a maximum length of l seconds.
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Figure 9: Time slices containing contact durations for the com-
plete conference except for the sessions. The start times of the
coffee breaks were as follows: 8:30, 10:30, 15:30 and 16:00.
Their duration was always 30 minutes. The start and dura-
tion of lunch breaks varied. Except for the last day all started
at 12:30 and took at least one hour. Each bar represents a 5
minute slice; adjacent bars belong to the same break.

5.2 Communication and Tracks
In this section, we analyze how the participants and different

tracks connect with each other. Furthermore, we indirectly consider
their current research topics using contacts and session attendances
as proxies. We discriminate between several relevant groups of
time intervals in the conference’s schedule, namely the poster ses-
sion, the sessions (where the speakers present their work), the cof-
fee break, and the lunch breaks after the sessions. Since there are
almost no conversations during the lectures, we also take the breaks
and the poster session into account when analyzing the contacts.

We interpret the contact lengths as a measure for social activity.
In order to capture the change of social dynamics over time we
divide the contacts into intervals of a fixed length l = 5 minutes, as
depicted in Figure 8.

5.2.1 Contacts on a Global Scale
In order to get a general overview of the social activity, we present

a complete overview of all the breaks of the four day conference in
Figure 9. Since the setup of the CONFERATOR system started in the
middle of the first day, all previous time slices are empty. As ex-
pected, there were a lot of interactions between participants which
decreased over time as the conference progressed. This can partly
be explained by leaving participants who were returning their RFID
tags. The short peaks at the last two coffee breaks are also an ex-
ception and might be explained by the conference attendees saying
goodbye to each other.

5.2.2 Social Activity of Communities
Hypertext 2011 addressed a variety of research fields. It started

in 1987 as a group of researchers and companies with the main
focus on hypertext and the internet and first widened its interest to
Interaction, Narrative, and Storytelling (INS). Afterwards it broad-

Figure 10: The contact length distribution (in percent) for con-
versations between all combinations of tracks. Here, for exam-
ple a directed edge from track SM to track INS with weight 5.4
indicates, that the fraction of all cumulated contacts between
the SM track and the INS track relative to all cumulated con-
tacts of SM is 5.4 percent.

ened its scope towards the social and semantic web and finally to
ubiquitous topics. This is reflected in the the four tracks in 2011.

Since the benefits of greater creativity in a broader and more di-
verse environment only appear if conversations and exchange of
ideas is going on beyond the tracks’ bounds, we investigate the
links between the tracks. A complete overview of the social ac-
tivity for these communities is given in Figure 10. Obviously all
tracks are linked very well - which indicates good opportunities for
inspiring conversations. Nevertheless, there are some differences:
While the older tracks are focused on talking with their own mem-
bers and the biggest communities, namely Dynamic and Computed
Hypermedia (DCH) and Social Media (SM), Emerging Structures
and Ubiquitous Hypermedia (ESUH) as the youngest addition to
this conference concentrated primarily on communication with the
two larger tracks and less with their direct research colleagues.

Figure 12 shows the communication structure between profes-
sors, post docs and research assistants. It is noticeable that conver-
sations between professors and research assistants are significantly
shorter than conversations between members of other groups such
as for instance professors and post docs. These two groups actually
had the three longest conversations among them during the experi-
ment.

5.2.3 Individual Social Activity
A closer look at the communication structure reveals that, as ex-

pected, participants can get alot of attention by holding a talk. What
might be unexpected is the people who will be attracted. For our
analysis we do not consider two keynote lectures for which the pre-
senters did not wear RFID tags. Furthermore, the session directly
before the poster session is also excluded, since we assume that the
attention easily shifted away from the recent speakers of the last
session. The final series of lectures is also removed due to the low
number of participants. In Figure 13, we plot the distribution of
contact lengths between all tracks, highlighting the two that just
ended their parallel session. The average contact lengths per track
member depicted in this figure reveal that the majority of partic-
ipants talked to members of those tracks that just presented their
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per of u to the other research results in the proceedings are
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work. We examplarily plot the data for only one session. However,
the same observation holds for five of the six considered coffee
breaks. So being a member of a track that recently gave a lecture
in a session seems to attrack conversation partners.

It seems self-evident that the social attention is directed towards
the speakers of the recent session, but this is only partially true. In
the following, we examine the hypothesis that a speaker is socially
more active in the break after the session in which he presented his
work: We calculate the duration of all contacts in this interval for
each speaker; Cu1

u2
[tfrom, ttill] represents all contacts between users

u1 and u2 from tfrom to ttill. The sub- and superscripts of C and
the denoted timestamps are interpreted as a filter for the contained
contacts. Following this semantic, ’*’ will be used as a wildcard
symbol. The sum of all contact lengths in seconds for a given set
of conversations C is given by dur(C). We aim to keep the values
comparable despite the different social nature of users u – some
tend to talk more in general than others. Furtermore, coffee breaks
are significantly shorter than lunch breaks. Therefore, we divide
the durations by maxduru : This equals the maximum of the sum
of all contact durations during each break of the same category for
user u. Let tfrom denote the start and ttill the end of the respective
break, then

duru =
dur(Cu

∗ [tfrom, ttill])

maxduru

is a value in the interval [0, 1]. The higher the value, the more
socially active was the user during this time. For duru = 1, the
break after the presentation was indeed the most active one.

As discussed above, we removed all speakers for our analysis
that either did not wear an RFID tag or had their talk directly before
the poster session, since the it has its own social dynamics. The
values for all speakers are plotted in Figure 11. The speakers are
ordered on the x-axis by increasing duru. It is easy to see, that
seven (46%) of the observable speakers were most active after their
lecture.

Then, a natural question is, whether there are any features that
connect these seven speakers. An intuitive hypothesis claims, that
presenters whose papers are related to the work of a large number
of other presenters get more attention. However, in the data we
cannot confirm this. In order to analyze, if increased social activity
is related to the content of the presented work, we analyze the doc-
uments contained in the Hypertext proceedings: For every pair of
speakers u1, u2 ∈ S, CosSim(u1, u2) measures the cosine sim-
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Figure 12: The cumulative contact length distribution for con-
versations between professors(PROF), post docs(PHD) and re-
search assistants(PHDC). The two communities are seperated
with an underscore within the legend.

ilarity of the stemmed bag of words representation of their papers
with all stop words removed. In order to capture the overall relat-
edness of one paper to the others, we calculated the average value
of all paper similarities with all other speakers’ work for each pre-
senter u ∈ S:

CosSimu =
∑

u′∈S,u 6=u′

CosSim(u, u′)

|S|

The values were also plotted in Figure 11, marked with a di-
amond. Obviously, the hypothesis, that a higher CosSimu, the
more people might be interested in the work and also in speaking
with the author does not hold. There is no direct correlation be-
tween both values. Nevertheless, it is worth mentioning that for
five of the seven presenters who did not have an increased social
activity (duru < 0, 8), the paper similarity measure is above aver-
age, while for six of out the seven presenters who were most active
after their session, the value is below. This is the exact opposite
of what might be expected. Since the differences between high
and low values are too insignificant, we cannot draw strong conclu-
sions. A reason for this might be that some information is lost by
averaging the similarity values; the existence of speakers u′ with
very high values CosSim(u, u′) is not reflected.

Instead, we now focus on the contact lengths of speaker u to
those 10 other speakers Su whose work is most similar to their own.
We plotted the following values and their average in the Figure 11:

trel(u) =
∑

u′∈Su

dur(Cu
u′ [∗, ∗])

dur(Cu
∗ [∗, ∗])

We obtain a similar result as before, but observe a much stronger
inverse correlation with the normalized contact lengths. This seems
to justify the hypothesis, that speakers get a lot of attention mostly
from those participants who did not present very similar research
results. In the context of [13] and most of the assumptions in the
state of the art of social network analysis, this result is surprising,
since it is not only “similarity that breeds connection” but also dif-
ferences.

Furthermore, not only the breaks after a session are of special in-
terest, since the breaks before a session provide the possibility for
session chairs and speakers to coordinate their presentation or clar-
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Figure 13: Normalized contact lengths for conversations be-
tween the participants of the different tracks after parallels ses-
sion of the SM and the DCH track. Attendees without track
assignment are denoted by category N/A.

ify final questions, e.g., the technical setup of the speaker’s desk.
Therefore, we tested the hypothesis that the structure of a confer-
ence organization may be reflected in the contact data. Despite the
fact that there was only a small number of session chairs at the con-
ference and some of them did not wear an RFID tag, there were
no significant contacts between speakers and session chairs of the
same track directly before the presentations.

5.2.4 Session Attendance of Communities
In the following, we examine the session attendance of the par-

ticipants. We measure the attention and popularity of the given
tracks by interpreting the session attendance as a decision process
in which the members of the audience had to choose between two
tracks to follow (see Figure 14).

The most obvious observation is that all tracks focused on their
own community. Also a phenomenon that correlates with the ob-
servations above is that the new community ESUH played a special
role at the Hypertext 2011 as it got a lot of attention from other
tracks. This might reflect the mutual interest in one another and
the beginning of an integration process of the communities. The
big picture shows that SM was the most popular track and had even
more attendance than the DCH track in 2011.

5.2.5 Session Attendance of Individuals
Based upon the hypothesis that people who focus on attending

sessions of a favored track also have the most contacts to its mem-
bers, we calculate the following two vectors for each user: One
contains the number of presentations visited for each track and the
other contains the length of contacts with its members. The cosine
similarities between those two vectors are plotted in Figure 15.

For all tracks the values span the full range from low to very high
correlation. The core, however, has a significantly higher average
than the small communities. This is not surprising, while INS like
all of the older tracks is mainly focused on exchanging ideas with
their colleagues they might already know from a Hypertext in pre-
vious years. They had only a small number of lectures compared
to the rest. This leads to other tracks being visited more often than
their own. For ESUH it is very similar. While the number of lec-
tures is comparable to the tracks from the core giving them the op-
portunity to focus on their own presentations, they tend to socialize
more with the core - maybe due to the integration process.

The core itself has far better opportunities to only listen to top-
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ics and also talk to members of their own tracks which is directly
reflected in Figure 15.

5.3 Roles
The characterization of nodes in a social network is a very chal-

lenging task. In this section we focus on exploring the connection
between academic jobs and influential and authoritarian persons of
the Hypertext conference. First, we discuss the concepts for deter-
mining roles. After that, we present a detailed time-based analysis
of role patterns. Finally, we use subgroup discovery to find more
interesting patterns.

5.3.1 Determination of Roles
For this purpose we use a technique proposed in [16], which

devides all nodes (conference participants) into four roles: Am-
bassador, Bridge, Loner and Big Fish. Intuitively, Ambassadors
are nodes with contacts to many diverse communities, whereas Big
Fishes only have a lot of contacts within one or at least less commu-
nities. Bridges are similar to Ambassadors, but with less contacts.
A Loner is a role with less connections to different communities
and less contacts.



In the following, we define these four roles more formally. Here,
we use the definition given in [16]. To identify one of the four roles
[16] used the relative degree of a node and a community metric.
Whereas the relative degree of a node is simply the degree of the
node divided by the maximum degree of all nodes, it is much harder
to calculate the community metric. Here [16] present the new com-
munity metric rawComm that estimates the number of communi-
ties a node is connected to. The community metric rawComm for
a node u is defined as

rawComm(u) =
∑

j∈N(u)

ru(v), (2)

where N(i) is the neighborhood of node u. The function ru(v) is
the community membership contribution from node v to node u. In
[16] the function ru(v) is defined on unweighted graphs. We ex-
tend the definition of [16] for weighted graphs, taking into account
the observation of section 5.1 that the probability of conversations
to be in the same commnunity is dependent on the conversation
length. We define the community membership contribution ru(v)
from node v to node u as

ru(v) =
1

1 +
∑

k∈n1
pk + |n2|(1− q)

, (3)

where n1 is a set of nodes in N(u) that is linked to u. n2 is a set
of nodes in N(u) that is not linked to u and pk is the probability
that a link of node k to v with weight w exists within the same
community. The probability q is defined in equation 1.

Now we can define the four roles Ambassador, Bridge, Big Fish
and Loner for node u. The role of node u is defined as

role(u) =


Ambassador rdeg(u) ≥ s, rawComm(u) ≥ t

Bridge rdeg(u) < s, rawComm(u) ≥ t

Big Fish rdeg(u) ≥ s, rawComm(u) < t

Loner rdeg(u) < s, rawComm(u) < t

,

,
where s, t ∈ [0, 1] are appropriate thresholds.
As described in Section 5.1, concerning all analyzed community

structures, the track community fits best to the link structure of the
social network. For this reason we decided to use the track commu-
nity structure to analyze the function of all nodes in the network.
One question that could arise here is why we do not simply count
the number of communities a node is connected to. Unfortunately,
as described below we do not know the tracks of all conference par-
ticipants. For this reason we use the afore mentioned probabilistic
model to determine the roles of the whole graph with the rawComm
metric. We will compare our results to a similar analysis of another
conference that was performed in [4].

5.3.2 Time-based Analysis
In our experiments we tested a lot of threshold parameters s and

t. It turned out that the parameter setting s, t = 0.4 is a good choice
to find an adequate number of Ambassadors and Bridges. In Fig-
ure 16 we see the results for the Ambassador analysis. As expected
for conservations of two minutes or longer, most of the professors,
session chairs and oldies function as Ambassadors. Here for con-
versations of one/two minute(s) or longer 75% of the professors are
Ambassadors, 17% are Bridges and 8% are Loners.

As shown in Figure 17 for conversations longer than five minutes
professors, oldies and session chairs become Bridges, and retain
that status for conversations of greater lengths. A possible expla-
nation of this is that for instance professors entering a conference
venue generally know quite a number of people there. Thus they

briefly greet and get into contact with many people and thereby
function as Ambassadors. These conversations, however, will not
take more than five minutes in most cases. Then, professors will
possibly start having longer conversations with few people they
know best. This is how they might lose their status as Ambas-
sadors.

The observation that professors lose their status as Ambassadors
is different to the observation in [4]. Here professors retain their
status as Ambassadors over the whole time. An interesting obser-
vation is that similar to the result in [4] the number of Big Fishes
is very small. In Figure 18 we see that the fraction of professors,
oldies and session chairs who are Loners is significantly smaller
than that of phd-candidates, phds and presenters.

The differences to [4] concerning the results of the role analysis
might be explained by the different kind of conference: The re-
spective conference (LWA, of the german computer science society
GI), is only held in Germany, and is regularly visited by a rather
stable community. This offers the opportunity for more familiar re-
lationships between researchers, which potentially results in longer
conversations in general.
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Figure 16: Fraction of professors, session chairs, etc. that be-
longs to the Ambassador role.

5.3.3 Mining Role Patterns
To characterize the different roles of the participants, we applied

subgroup discovery techniques for mining role patterns. Subgroup
discovery (cf. [5, 7]) aims at identifying interesting patterns with
respect to a given target property according to a specific interest-
ingness measure. Pattern mining using subgroup discovery is es-
pecially suited for identifying local patterns in the data, that is,
nuggets that hold for specific subsets.

In our context, the target properties of interest are given by the
different roles of participants in the contact graph. We aim at de-
scribing a subgroup (set of participants) with a specific role as
closely as possible using a set of descriptive features, e.g., their
country of origin, title, role as session chair, invited speaker, or
presenter of a conference paper. We computed the roles according
to different minimal conversation lengths (60, 180, 300 seconds).
For subgroup discovery, we applied then the according role distri-
butions. In the following, we discuss several examplary results. For
an overview of the distribution of roles in the different episodes we
refer to Table 3.
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Figure 17: Fraction of professors, session chairs, etc. that be-
longs to the Bridge role.
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Figure 18: Fraction of professors, session chairs, ... that be-
longs to the Loner role.

Concerning the minimal conversation length of 60 seconds (Ta-
ble 4), it is easy to see that the session chairs serve as Ambassadors
during the confernce (the remaining session chairs are Bridges).
Furthermore a strong affiliation to Hypertext plays an important
role for being an Ambassador for the conference. The feature Affil-

Table 3: Overview on role shares (absolute/relative frequency)
of the 66 conference participants wearing RFID-tags consider-
ing their (conversation) contact graphs: The table shows the
statistics for three minimal conversation length thresholds (60,
180, 300 seconds).

sec #Ambassador (%) #Bridge (%) #Loner (%)
60 29 (0.44) 26 (0.40) 11 (0.17)
180 28 (0.42) 18 (0.27) 20 (0.30)
300 21 (0.32) 16 (0.24) 28 (0.42)

iation denotes the familiarity with Hypertext, such that authors of
at most one Hypertext paper published in 2011 get a low affiliation
score, authors who published one or two papers before Hypertext
2011 get a medium affiliation score, and authors with at least 3 pa-
pers before Hypertext 2011 get a strong affiliation score. Consider-
ing the 60 seconds threshold, it is also evident that the participants
from the Netherlands (including in particular the organizers) are
typical bridges, as expected. This is especially visible in subgroup
#3 of Table 4 with a target share of 100%.

Table 4: Subgroup results for a minimal conversation length of
60 seconds. The table shows the target variable, the lift (relative
target increase w.r.t. the default), the share of the target in the
subgroup, the size of the subgroup, and the subgroup pattern.

Min. Contact Length: 60 sec
# Target Lift Share Size Pattern
1 Ambassador 1.42 0.63 8 SessionChair=true
2 Ambassador 1.14 0.50 12 Affiliation=strong
3 Bridge 2.54 1.0 6 Country=Netherlands

AND Presenter=No
4 Bridge 2.18 0.86 7 Country=Netherlands
5 Bridge 0.95 0.37 8 SessionChair=true

Considering the minimal conversation length of 180 seconds (Ta-
ble 5) the overall picture changes a little. While the session chairs
are stable in their roles, it seems, that the strengths of the Ambas-
sador and Bridge associations is decreased.

Table 5: Subgroup results for a minimal conversation length of
180 seconds. The table shows the target variable, the lift (rela-
tive target increase w.r.t. the default), the share of the target in
the subgroup, the size of the subgroup, and the pattern.

Min. Contact Length: 180 sec
# Target Lift Share Size Pattern
1 Ambassador 1.47 0.63 8 SessionChair=true
2 Ambassador 0.98 0.42 12 Affiliation=strong
3 Bridge 1.05 0.29 7 Country=Netherlands
4 Bridge 1.83 0.50 6 SessionChair=true

AND Affiliation=strong
5 Bridge 1.53 0.42 12 Affiliation=strong
6 Bridge 1.38 0.37 8 SessionChair=true

The 300 seconds minimal conversation length (which usually ex-
cludes smalltalk) continues the trend regarding the organizers, cf.
Table 6. For the session chairs, their bridge role stabilizes. This
is especially interesting concerning the session chairs who are not
track chairs. The role of Ambassador is only more pronounced for
those session chairs that also have a strong affiliation with the Hy-
pertext conference.

6. CONCLUSIONS
In this paper, we described the anatomy of a conference – fo-

cusing on the dynamic and static behavior of the participants at
Hypertext 2011. For the analysis, we applied data collected by the
Conferator system. We presented basic overview statistics concern-
ing the participants, the presenters, the session chairs, and different
communities. Additionally, we performed an in-depth analysis of
these actors during the conference concerning their communication
behavior, their session and track attendence, and the influence of
the according communities. We also analyzed the roles of the con-
ference participants in a time-based analysis and a pattern mining
approach for the characterization of roles.



Table 6: Subgroup results for a minimal conversation length of
300 seconds. The table shows the target variable, the lift (rela-
tive target increase w.r.t. the default), the share of the target in
the subgroup, the size of the subgroup, and the pattern.

Min. Contact Length: 300 sec
# Target Lift Share Size Pattern
1 Ambassador 1.57 0.50 6 SessionChair=true

AND Affiliation=strong
2 Ambassador 1.31 0.42 12 Affiliation=strong
3 Ambassador 1.18 0.37 8 SessionChair=true
4 Bridge 2.48 0.60 5 SessionChair=true

AND TrackChair=false
5 Bridge 1.55 0.37 8 SessionChair=true

In summary, we found that longer conversations are more proba-
ble, if the dialogue partners are both members of the same track. In
contrast to intuition, an analysis of the presenters showed, that these
were more involved in talks with participants presenting rather dis-
similar work based on the content of their papers. Finally, using
a combined approach of applying role mining and subgroup dis-
covery, we found that the strenght of the affiliation is one of the
strongest features in patterns (as would be expected) that deter-
mines the ability to connect between different communities. Over-
all, our analyses span a wide range and should enable the reader to
obtain a good impression of conference interactions – most specif-
ically for the Hypertext conference.
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