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Abstract

The paper investigates techniques for the detection and mod-
eling of groups of people in a mobile community also inter-
acting in the real world. In this scenario, the concept of
contextual manifestations or instantiations of existing social
groups is of special significance. In view of detecting and
modeling of groups and their instantiations, several examples
for classes of data (location- and velocity-data, natural lan-
guage interest phrases and text-based communication-data)
in the information spaces of mobile communities are investi-
gated. Similarity measures between people are constructed
and verified by empiric means or through stochastic simu-
lation. On this basis, special clustering approaches for the
detection and modeling of groups are developed and tested.
The paper concludes with a discussion on possible applica-
tions for the methods which have been developed.

1. Introduction

The advent of Web 2.0 and a blooming of user generated
content in various forms (Wikipedia, the Blogosphere etc.)
has also fostered an increased interest in detecting and mod-
eling social structures of web-users. Either social relations
are explicitly declared via two-way handshaking and repre-
sented as lists of “friends” or “buddies” in social-networking-,
community-, or communication-platforms such as Friendster,
MySpace or Skype. On the other hand, the large amount of
user generated content in discussion boards, wikis and blogs
(directed or undirected 1:n or n:m communication acts) also
allows for the detection and modeling of social structures (1:1
relations, group-relations etc.) via Al techniques such as
NLP-analysis, clustering etc.. Adding a further interesting
aspect to that is the widespread use of mobile communica-
tion means (phones, PDAs etc.) and the increasing spread of
built-in context-sensors such as GPS receivers also provides
for an even broader basis of data which can be used to char-
acterize social structures (like groups), especially on a shorter
time-scale. Instantiations of longer-term social relations (e.g.,
family meetings (in case of group relations)) become analyz-
able. The scenario of mobile interaction with social media is
especially interesting because it is often seamlessly integrated
with “normal” real-life social interaction and provides much
deeper insights into “real-life” social structures (as opposed
to purely “virtual” relations) especially with respect to ap-
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plications that support social interaction in a context-aware
fashion. An obvious example for social structures are groups.
Besides 1:1 social relations to other persons, groups strongly
determine our perception of our social existence. We thus aim
at modeling groups on the basis of data that is available in
the information spaces associated with mobile communities
that is communities of people that interact via face to face
communication, electronically via mobile media and also via
“conventional” community support and communication sup-
port platforms instantiating blogs, wikis, discussion boards
etc..

In section 2 we review some basic notions such as the socio-
psychological notion of a group and characterize the scenario
we aim at in more detail. Section 3 introduces several types
of data that are available in the collaborative information
spaces of mobile communities and how similarity measures
between people implementing socially valid heuristics can be
constructed on the basis of these data. We then investigate
in section 4 how we can construct multi-modal-models for
groups and their contextual instantiations and finally section
5 presents ideas for the application of these models.

2. Basic scenario

Virtual Communities and support fo these have been exten-
sively discussed in the late 1990s (see e.g., [13]). In [7] the
following definition for virtual community was given:

A set of people which have a high degree of community-
awareness, communicate with other members via elec-
tronic media, and have a common pursuit which can
be identified with the pursuit to collaboratively build
up a thematically focused, information- or knowledge-
space. This collaborative information- or knowledge-
space (CIKS) predominantly contains semi-formal im-
plicit “warm” information or knowledge with a strong
emphasis on textual form.

Contributing to the CIKS is understood in this context as a
communication act. A single user’s blog is a special case of a
very simple CIKS where the communication acts are 1:n. The
community in this case could be informally bounded by the
Blog’s author and her friends. More explicitly bounded com-
munities or platforms for several communities that contain
richer CIKS-structures (e.g., implementing n:m communica-
tion) are also very common on the web.

In the COSMOS project [7, 5], we investigated how the
concept of community support platforms containing support-
means and services for the buildup of CIKS (social-network
visualizations, discussion boards etc.) could be extended in
the case of mobile interactions. Together with a German



TelCo-provider we implemented a concept for a mobile com-
munity support platform with services allowing e.g., for the
mobile lookup and management of the whereabouts of one’s
friends or for attaching messages to locations (virtual graffiti)
or moving persons (see [8, 5]).

Usually, a mobile community support system and it’s CIKS

is bound to a server-platform on the web and is accessed
through mobile (and also stationary) clients. It is also pos-
sible to develop concepts for a completely distributed system
based on user agents which we currently investigate.
Besides elements characterizing users (profiles (also contain-
ing a user’s highly dynamic context)) and information-items,
a CIKS of a mobile community also contains elements char-
acterizing various relations e.g., user-user social relations in
varying degrees of explicitness.

An interesting question that can be posed in such a sce-
nario is: What can we infer from either contextual (highly
dynamical) and/or other elements of a mobile community’s
CIKS about the group structures between community mem-
bers? How can we amalgamate several such inferred group
models and /or with models of explicitly stated group mem-
berships? What are applications for such group models?

2.1 Groups and group instantiations

Groups play an important role in almost any branch of science
that investigates structures which are either human generated
or human related. Such sciences include computer science
(e.g., teams in groupware) law science (e.g., groups as legal
entities), economics (e.g., working teams), ethnology (ethnic
groups), history (e.g., social and political groups of the past),
art (e.g., artist groups), etc. While all these scientific disci-
plines investigate rather special aspects of groups, sociology
and especially social psychology try to characterize groups
from a more generic point of view.

The field of research in sociology and social psychology
which deals with groups like we have them in mind is usually
designated small group research. The term small group at-
tempts to distinguish the scientific subject from sets of people
of the size of political parties, ethnic groups and the like.

The main characterizing features of a group are described
in the following points:

e The minimal definition of a group is a comparatively
small number of people which interact with each other
directly via face-to-face-interactions [11, 6]

e The number of group members is usually so small that
direct face-to-face-interactions are possible between all
members [11, 6]. An often stated number for an upper
bound is 20 [6]. This can also be justified by considering
results from cognitive sciences which suggest respective
limitations of human cognition and perception.

e The interaction situations must be of a certain duration
in order to allow for common structures like norms or
goals [6].

e Group members share a network of interpersonal attrac-
tion (Hare in [1]).

e Often, the members of a group have interdependent
characteristics: common goals, common norms, a spe-
cial communication structure, a role- and affect struc-
ture, and a group awareness [6, 1].

e Groups are often characterized by immediately perceiv-
able features (like names, uniforms etc.) which allow
others to perceive the group as a whole and which de-
fine borders of the group. [4, 10].

A definition from Homans (1950) [11], which is an often cited
common denominator in small group research sums up the
notion of a group:

“A group is a number of persons who communicate
with one another often over a span of time, and who are
few enough so that each person is able to communicate
with all the others, not at second hand, through other
people, but face-to-face.”

Although the face to face communication is emphasized, the
above definitions are to some extend transferable to groups
that communicate using electronic means.

Considering social structures like groups with respect to
Context and Context-Parameters such as location one can
make further interesting observations. The first observation is
that space and resulting propinquity have direct influence on
groups. As reviewed in [7], several studies in social psychology
indicate that distance has an inverse effect on social impact
and thus on group formation and stabilization parameters.
Furthermore, since our sensor apparatus restricts our ability
to communicate and also restricts the number of people we
can (more or less) simultaneously communicate with we see
that space also plays an interesting role for group processes
on scales as small as several meters.

What we further observe (and support by the aforemen-
tioned conclusions) that is that we have to distinguish be-
tween social groups that exist in an abstract way without
having to consider highly contextual parameters such as the
exact location and instantiations of these groups or even Ad-
Hoc-groups that both only exist within the boundaries of a
certain context. As an example for a group with abstract ex-
istence consider a family. An instantiation of this group in a
certain context would be the family meeting on Christmas.

Means for detecting and modeling such group instantia-
tions, amalgamating them with models of abstract groups and
designing services for their support with respect to (mobile)
social media have not jet been very extensively investigated.

3. Datain CIKS cuitable for group detection and
modeling

We will now review data available in mobile community CIKS
and suitable algorithms that allow for the detection and mod-
eling of groups and group instantiations. We will look at three
general classes of data: highly dynamic, context data, ex-
plicit self description data and communication content. These
classes will be discussed by investigating examples from every
class.

3.1 Location and velocity

In order to detect instantiations of groups in certain con-
texts we need to model the context of individual community
members and then analyze which subsets of these are good
candidates for group instantiations. The most obvious con-
text parameter often discussed in literature is location. We
assume that the locations and also the velocities of poten-
tial group members are accessible to the group instantiation
detection algorithms at any time (which implies that we can
also estimate the velocity). We furthermore require a certain
minimum accuracy (within 5 m at least).



Our experiments (involving a lifestyle community with 100
prototype users with mobile devices (PDAs)) show that the
resulting privacy problems can be dealt with in a satisfactory
way (see [14]). Furthermore these field studies also clearly
prove that GSM cell based location techniques with an ac-
curacy of roughly 200 m in urban areas are not suitable for
context aware support for socially interacting mobile commu-
nities. Thus a GPS/Galileo based accuracy is a minimum re-
quirement for suitable group instantiation detection. Central
(server-side) knowledge of whereabouts can be replaced by a
distributed scenario where the personal information is com-
pletely controlled and maintained in the (mobile) user agent.
Since these algorithms are still subject to ongoing research
we will assume the simpler “centralized” approach.
Although social psychology predicts a positive influence of
spatial proximity with respect to social impact and group for-
mation (see [7]) common sense dictates that naive clustering
of locations will not necessarily provide good candidates for
group instantiations. There are several reasons for that:

e Spatial proximity is relative. Compared to the long dis-
tance between New York and Munich, the distance of
several people being 2 km apart seems neglectable. Nev-
ertheless it seems obvious that people 2 km apart cannot
reasonably be assumed to be engaged in an instantiated
group relation context.

e Spatial proximity without aligned velocities cannot be
of contextual social significance either. People driving
by each other at opposite speeds will most certainly not
be engaged in an instantiated social group relation

e Standing in line at a fast food restaurant with several
other people certainly accounts for spatial proximity
and also for proximity with respect to velocities but
is also probably not an indicator for these people to
form an Ad-Hoc-Group or an instantiation of an ab-
stract group.

While we have to account for the last point by combining
and checking the group models on the basis of context data
with group models derived from data with slower dynamics,
the first two points and similar arguments can be taken care
of by introducing suitable social heuristics into the clustering
process.

Due to the lack of a broad basis of real people’s movement
data, we developed an extensive stochastic mobility simula-
tion of people moving in urban areas. The difficulty was,
that models for individual motion (such as Random Walk
based models (see [3]) and models for group motion (such
as the reference point group model [12]) are readily avail-
able but no models are available which combine and smoothly
transfer individual motion into group motion and vice versa.
Thus a new mobility model based on probability models and
Markov chains and realistic estimation of the corresponding
parameters was created that allows the simulated entities to
come together, move or rest as a group and to dissolve again.
The simulation also provides detailed data about the “real”
group structures at any iteration thus allowing for a quality
measure for the proposed group instantiation detection algo-
rithms. (see [7] for an extensive discussion on the details).

In order to detect and model group instantiations and Ad-
hoc-Groups and especially to distinguish them from pseudo
groups with no social relevance, algorithms on the basis of
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Fig. 1: SUMI simulation with 5 nodes

crisp clustering approaches were developed. In order to be
able to compare the “real” groups occurring in the simula-
tion with the groups found by our detection algorithm, we
developed a precision / recall- based performance measure.
This measure ensures that groups can not only be compared
on a basis of identity but also with respect to group members,
thus allowing for small errors in detection (lets say a group
with one member missing) account only for small decrease
in detection quality, although the found group indeed differs
from the “true” group (e.g., by a member missing etc.). For
the details see [7].

Accounting for the importance of velocity that has been
stated above, standard crisp clustering approaches such as
SAHN, K-Means and MST (see [7]) were used to cluster in-
dividuals represented as vectors from R* treating the 2-D-
location on an equal footing as the 2-D-velocity. Since these
algorithms all require the desired number of clusters as an in-
put parameter, the algorithms are run with all possible values
for the number of clusters as input and a cluster validation
measure is needed to distinguish the best clustering and thus
the “optimum” number of clusters (groups). Using a fixed
self developed cluster validation measure (which will be dis-
cussed below) we found that the actual clustering algorithm
did not make much of a difference (see tablel) with respect
to cluster detection quality. What is more interesting is the

SAHN | K-Means MST

Precision Piot 0.8283 0.7843 0.8283
Recall Riot 0.7111 0.6663 0.7111
F-Measure Fp 50t 0.7523 0.7073 0.7523
Computing Time [sec| | 367.5 150.5 11910.7

Table 1: Varying the clustering algorithm. SAHN was single
link. A Fuclidean distance measure and the SCVS were used
for all three experiments. The same simulation data was used
for all three experiments

difference between several cluster validity measures. In gen-
eral we can assume that (besides soldiers moving in combat),
spherical clusters are more suitable for human group instan-
tiations than elongated clusters. Thus we didn’t take algo-
rithms targeted especially for these into account. Further-
more, since we can assume that face to face contact is impor-
tant for group-instantiations and also assuming that the limit
for human communication distances which is also important
for group instantiations is roughly 7, = 30 meters we have
to take this into consideration when constructing an adopted
social cluster validation measure. Assuming cut off values of



7, for location-variations and 7, for velocity variations within
the group instantiation we can construct such a social valida-
tion measure. Together with further heuristics with respect
to consolidating smaller groups found by the algorithm into
larger groups (see [7]) we developed the Social Cluster Vali-
dation and Selection procedure (SCVS) which performed on
the simulation data (which also were aimed at maximum re-
alism) much better than e.g., the well known Dunn-Index [9].
Varying the parameters 7; and 7, yields the result that either

SCVS | Dunn

Precision Piot 0.7843 | 0.2451
Recall Riot 0.6663 | 0.2451
F-Measure Fp 50, | 0.7073 | 0.2451
Comp. Time [sec] | 150.5 | 162.7

Table 2: Varying the Distance Measure. K-Means and the
same Simulation data were used for all experiments. SCVS
parameters were 7, = 1.0 and 7, = 2.0 ( Relative Units )

too small values (restriction of cluster acceptance is too re-
stricted) or too large (cluster acceptance is too loose) doesn’t
lead to optimal performance. [7] yields the details of this in-
vestigation. Summing up was has been said so far we can
see that integrating heuristics from social psychology can be
a great help in detecting group instantiations on the basis of
context parameters and context models.

We will now investigate a second class of information that
is interesting to detect groups: Explicit self information.

3.2 Explicit self-information

The most obvious example of explicit self information is the
direct declaration of social information. Most community
platforms (mobile or not) allow for buddylists or even social
networks to be set up by the users themselves or at least via
handshaking between two users. Obviously, this kind of self
information allows for the direct derivation of group models
which clearly have a high significance. In case of social net-
works we e.g., can rely on group models proposed by sociom-
etry which describes groups as special sub-graphs (cliques,
clans etc.) in the graph of dyadic social relations [16].

But there are less obvious examples of explicit self infor-
mation which can be used to detect groups. Since in case
of explicit self information we usually have a slow dynamic
w.r.t. changes in that data, they are much more useful for
detecting abstract groups. (we will see later how to amalga-
mate them with group instantiations found on the basis of
highly dynamic context data. One type is explicit self infor-
mation on personal interests which can be found in various
profiles on most community- or communication-platforms on
the Web.

These interest phrases are either free text or chosen from a
fixed (often hierarchical) ontology. We collected samples for
both types and developed similarity measures for both types
that allow for comparing two people with respect to their in-
terests. These measures could also be used to infer dyadic
social relations. We used them as an input to a special rela-
tional clustering algorithm which delivers groups with respect
to interests.

The simpler of both types of interest utterances consist of
vectors of interest keywords chosen from a fixed ontology of
interest keywords. Comparing them is quite easy, since we
deal with vectors instead of sets. Based on a normalized in-

ner product, we incorporated an idf-like measure to account
for the fact that very common interests shared by most of
the community members are no good discriminators with re-
spect to similarity. Furthermore the taxonomic structure of
the interest ontology was taken into consideration by weigh-
ing interest correspondences at the leaf level (low generality)
higher than correspondences at an inner node level (higher
generality). The precise description of the similarity measure
is given in [7].

More demanding with respect to similarity computations
are sets of free text interest phrases. They may often contain
very special vocabulary often in unusual orthography or with
abbreviations which makes the use of stemming or spelling
correction algorithms for the unification of terms in view of
semantic comparability difficult. Furthermore, since the free
text phrases are given without a fixed order, we have to com-
pare each with each if we want to give an overall similarity
for two such sets. Syntactic and grammar analysis (e.g., POS
tagging) is also difficult due to the proprietary language of-
ten used. Furthermore word sense disambiguation techniques
that would also be helpful w.r.t. to semantic analysis is also
difficult because of the lack of proper training data consid-
ering the special community vocabulary. Conventional other
approaches from statistical NLP are also difficult to apply
because the phrases are often very short. We thus opted
for a Semantic Net based approach using a WordNet-based
comparison algorithm allowing to state the semantic relat-
edness of terms in the phrases and a dictionary based ap-
proach where terms were semantically compared by compar-
ing their Encarta-dictionary entries. The dictionary approach
is based on a simple vector model based cosine similarity be-
tween word vectors of the dictionary texts. The Word-Net-
based part of the measure compares the synsets of two terms
by their path-lengths to the nearest common super-concept
(synset) in a taxonomy of generalized abstraction relations
(GAR) and is a further development of an approach suggested
in [17]. Figure 2 depicts the paths. The complete approach
is shown in figures 3 and 4. Due to space restrictions not
all details could be explained here. The interested reader is
referred to [7].

So

minimal GAR path with
length pl(S}°5¢, Sg)

S?CSC

minimal GAR path with
length pl(S¢,, S}°°)

minimal GAR path with
length pl(Std, SPese)

S
te Se,

Fig. 2: Path lengths between Synsets, their nearest common
generalized super-concept and the root node

In order to verify the algorithm, we collected 100 sets of free
text interest phrases through a survey. We then conducted a
second survey where people where asked to rate the similari-
ties between a subset of 20 of these sets on a scale from 0 to
10. We furthermore conducted a third survey where people
where asked to estimate the similarity between single interest
phrases chosen from the second survey’s sets. For the second
and third survey we calculated the mean and standard devi-



sim (XU, xU2)) (Part(I)

e Input:
o Two sets of free text interest concepts X1, X(2):
X0 = qof),ct,... o, |} and
i) = {Cé]z),c{jz) ..... oli2) ;

e Yl -1

where each of the concepts C has a free textual phrase
representation of length N(C):

() = Al _ i .
O 2 O = (st

C,(c”) = C,E“) = (Wmg, Wmys- -+ »Wm

)

N(EdD) ;)
o Required resources: WordNet 2.0; Microsoft Encarta Dictionary;
Stop-list
e Preprocess:
o Iterate over all free text interest phrases in both sets:
for(i,k = 0;i < |XUV| k < |X02)|; 4+, k++)
Remove Stop-words (SR) and multiple instances of words (MIR):

Aj1) SR, MIR X(j1) _ ¢, P 2

ClV === C; = (wpo, wpy, - v‘”P\.(ﬁm)),\)
A(d2) SR, MIR X(j2)  _ 4 )

)Y =—C; = (wgo;Wqy,--- 1“'GA,([7£JQ)) ,)

endfor
e Prepare(I):
} in X0V and
} in x02)
o Retrieve and preprocess Encarta Dictionary entries for all words:
for(a,b=0; a < |[#(X0))],b < |[#(XG)] ; ats, b++)
* Get dictionary entries for all senses for wp, and wy,.
Concatenate them into d(wp,) and d(wy,).

* Do stop-word removal, and compute word-vectors by counting
term frequencies

o A Hashtable of all words ¥ (X(V) = {wro,wrh...wTW(“)H
a Hashtable of all words ¥ (XU2)) = {wy,,ws,,...ws

515 G2)| 1

1

SR, CTF,

d(wp,) = d(wp,) == d(wp,) = (VugsVuys--- Wy opeyi 1)
SR, 5 oTF, ;
d(wg,) = d(wg,) — d(wg,) = (Vio,Vss---,11 )

17 (d(wy)) ~1
endfor

Fig. 3: Similarity Measure for sets of free text interest
phrases ( part I)

ation of the answers yielding two 20x20 matrices.

We also conducted additional surveys to judge the quality
of our similarity measure for the vectors of interests chosen
from a fixed ontology. For this we used a sample of 100 such
vectors from a dating community. The results are also very
encouraging and showed that our measure is able to reflect
human judgment to a high precision.

The other surveys also showed that our similarity mea-
sure for sets of free text interest phrases also performs very
well. Since the number of survey participants (30 in total)
was too small to reasonably use statistical tests to determine
the “randomness” of the human judgments so we chose the
square root of the squared mean error (SQMSE) as a means
to compare the human judgments with our measure and to
determine the result of purely random judgments.

For the sake of brevity we will pick survey one, the details
of the other surveys can be found in [7]. Assuming a uni-
formly random distribution for either the human judgments
on similarity and for our measure (scaled to the [0,10] scale
of the survey) the calculations give a value of SQMSE=4.47.
For the optimum setting of the two parameters o and 3 of
our algorithm we get a correlation of SQMSE=1.158 which
shows that our measure is significantly better than random.
Since the average human judgment standard deviation was
1.62, so one could conclude that the correlation between our
measure and the averge judgment of the survey participants
is within the boundaries of human judgment variations.

Varying the parameters « and 8 which control the weight of
dictionary based comparison vs. WordNet-based comparison
yields the results in table 3, yielding the optimum setting of

sim(XU1), x(2)) (Part(IT)

e Prepare(II):
o Compute a similarity matrix Sim3t — ¥ (xU)) x ¥ (x02)) - [0,1]

dict

Simdiet = simdict(

Wp,., Wg,) =
1 if Wp, = W,
ﬁ*l ~ . i s s

=0 TG g | 26, €dlutpg Inwr €lwg, )} VeVt Sucty  AE wp,,wq, € Dictionary
0 else

o Compute a similarity matrix Sim*ord¥et — ¥ (xU1)) x ¥/(xU2)) — [0,1]

SimpreNet = sim™er Nt (g, ) =
1 if wp, = wg,
-1
_ . (St +pU(Sty,57°%) N
= (1 F TN )y, €51, gy €50y} (44—‘ : if  wp,,w, € WordNet
2 pl(S7°*<,S0) 2
0 else

e Compute sim:
o Compare unordered sets of free text interest phrases:
|G| -1

J 1 1 ; ia
sin(x0), 20) = LY max sim(C9, CF)
=0
L e
i j (42)
+3 x| Z max mm(Cl(“),Ck”)

k=0

o where pairs of free text interest phrases are compared by:
sin(CI),C9Y) = sim(GY),507)

N@E91)1

1
— Z max sim(wp, , wg,)
NGy, X

N@I) 1

1
2

+

1
= = max sim(wyp, , wg,)
R =

o where pairs of words (lexicalized) concepts are compared by:

sim(wp, , wq,) = 0 sin" TN (wy, wg,) + B sin®i (wp,  w,,))

1
a+/‘i(

e Return sim.

Fig. 4: Similarity Measure for sets of free text interest
phrases ( part II)

a=0.7,5=0.3.
Parameters a=1.0, a=0.7, a=0.5, a=0.3, a=0.0,
B£=0.0 £=0.3 £$=0.5 B=0.7 B=1.0
SQMSE 1.73 1.15 1.36 1.65 2.14

Table 3: Varying the settings for a and (3

3.3 Communication contents

The third class of data in CIKS are all kinds of communi-
cation content in the narrower sense. (Regard that all ac-
cessible data in a CIKS (even the self information) can be
regarded content of communication acts). We have e.g., tree-
like discussion boards (n:m communication), messaging (1:1
communication), blogs (1:n communication) or other forms.

Especially the directed forms of communication allow for
various social heuristics with respect to developing a similarity-
or social-relatedness-measure. The spectrum ranges from heuris-
tics concerning the communication frequency, the number of
messages exchanged, the length of messages or the degree of
mutuality. Obviously the content itself can also be investi-
gated. In [7] we proposed a simple measure comparing the
contents of messages and the number and mutuality of mes-
sages into a simple measure for social connectedness.

A simple example to illustrate that: A very simple heuristic
that is incorporated into the measure is based on two plausi-
ble assumptions:

(1) The larger the difference between the numbers of replies



is, the lower is the intensity of interaction.

(2) The larger the number of mutual replies is, the more
intense is the interaction of the two persons.

Thus, a possible similarity measure between person ki and
person k2 could be constructed like this (denoting the number
of replies from person k; to postings authored by person k2
by m, -k, and denoting the number of replies from person k2
to postings authored by person ki by mug,—k, respectively).

sim(kl, kQ) =

1 L (1)

Mgy kg =My ke |2
(1 4+ Moy — kg My —ky €XP(——2—2 2271

-2 )

The factor my, —k,Mky—k, in the denominator was intro-
duced in accordance with observation (2) above and the factor

My ko =Mk —k \2 . . .
exp(——=1—2—5~2="1—) was introduced in accordance with

observation (1) above. The exponent ¢ and the deviation o
are parameters which can be adapted.

3.4 Fuzzy clustering of relational data

Unfortunately, for the data classes with slower dynamics we
did not have social network data at hand to compare the re-
sults of clustering with “real world” groups e.g., among the
creators of our 100 sets of free text interest sets. Neverthe-
less a sound and promising clustering algorithm using the
relational data that can be computed from the proposed sim-
ilarity measures.

First of all it is clear that in contrast to the location case
we need fuzzy clustering approaches since e.g., groups with
interests cannot well be modeled with crisp sets. Surprisingly
few of the numerous fuzzy clustering approaches were able to
operate on relational data.

Usually, algorithms like Fuzzy C-Means optimize intra clus-
ter compactness by minimizing a target function such as a
generalized square error function

JSQE:ZZU:Zka_WHP (2)

k=1 i=1

(where the n patterns are denoted by zy, the ¢ cluster pro-
totypes by m;, the fuzzy membership matrix by U;x, and the
fuzzyness control parameter by m) through iterative alternat-
ing optimization, where the membership-matrix and cluster
prototypes which depend on each other are adapted alternat-
ingly in every step.

What we have is similarities between the users (patterns)
on the basis of our heuristic social measures which can also be
interpreted as strengths of the associated social ties. A met-
ric pattern space that is required for the usual approaches
is missing. Thus the idea is that switching from continu-
ous adaptation of the cluster prototypes to a discrete ver-
sion, where always a single pattern (user) is used as a cluster
(group) prototype. The result is called RACE (relational al-
ternating cluster estimation) [15]. Unfortunately the original
algorithm had some severe drawbacks that were corrected by
introducing a simulated annealing technique into the cluster-
ing process (see [7]).

4. Group models

What we have gained so far are reasonable heuristics for social
ties based on contextual (highly dynamic) and other data in
mobile communities which have been checked by simulation,

surveys or are supported by findings from social psychology.
Furthermore, we developed suitable algorithms that can de-
tect and model groups and group instantiations on the basis
of these data. How can we now amalgamate these into overall
models for groups that have a high degree of real social rel-
evance that can be used in intelligent support services? Due
to space restrictions we can only review parts of the consid-
erations (see [7] for more aspects).

First one can consider that from the many groupings de-
tected through the context data, only a subset can be re-
garded instantiations of abstract groups. How can these be
distinguished from ad-hoc-groups (that have social signifi-
cance in the context but do not correspond to an abstract
group) and pseudo groups (which have no social significance)?
One good criterion is regularity. It can be argued [7] that ab-
stract social groupings that have a high impact on a user are
instantiated on a regular basis. For example, the group of
colleagues that people work with on a daily basis, the mem-
bers of the football team that they play with weekly or the
group of friends that they meet every Saturday etc.. Thus
if we detect that a certain group shows a regular pattern of
instantiations we can conclude that an underlying abstract
group exists which is of social significance. In order to detect
such regularities we have to compare found clusters of people
with respect to their members and furthermore we have to an-
alyze the time-pattern of their appearance. For both aspects
we have developed metrics. Comparing the groups w.r.t. to
members is achieved through a modified Hamming distance
based approach which is normalized with respect to group
size. Regularity analysis is achieved either by an adapted
Fourier analysis or through a statistical measure (see [7]).
The measures were tested against the mobility simulation and
were able to find a large fraction of the simulated groups that
“met” on a regular basis (based on abstract groups of the
simulation).

Using this approach we cannot rule out that regular semi-
pseudo-groups are found. For example we might be in close
proximity to the same people on the bus we use every day
to go to work without having a deep social relation to them.
We could certainly use these semi-pseudo-groups (which have
indeed a “real” contextual common denominator) for appli-
cations that proactively bring people together. But even then
it is more reasonable to combine the findings on the basis of
contextual data with the findings from less dynamic data to
give group models that have an even higher social relevance.

In order to do that we have to fusion the crisp models from
context with the fuzzy group models gained from the other
data. Since the crisp models can easily be represented in
the fuzzy framework by using {1,0} as values for U;, we can
combine them with fuzzy set operations: Let A1, A2 be fuzzy
sets A; = {(z, pa,)|z € X;p: X — [0,1]} in X, then [18]:

B=AinAs = ps(e)=min(ua, (@), gy (@) (3)

B=AiUds = ps(z) = max(ua, (@), 14 () (4)
B=A=X\A = ug(z)=1-pa(z) (5)

5. Applications

Having models for groups facilitates some applications in the
context of social sensitive support for communities. We will
look at two examples. More aspects and applications are
described in [7].



5.1 Indication of groups

Visualizing (indicating) groups seems at first glance to be of
minor interest, since the eye is a much better clusterer than
any algorithm. Some arguments nevertheless strongly speak
in favor of this application:

e If the number of mobile community members is very
large, the eye can well identify groups but the relevance
of the groups for the single user cannot be easily de-
termined visually, because a large number of points on
a map can only be visualized with the help of legends
(e.g., the users are visualized with numbered dots and
the association of the numbers with the user-ids must be
looked up in the legend). If only members of explicitly
declared personal groups (e.g., Buddylists) are displayed
on the Map, this problem does not occur but the user
will miss groups that are not formed by his buddies or
that have only one buddy as a member. Thus such a
restricted indication service does not facilitate the build
up of new social relations but is only a potentially use-
ful bookkeeping and awareness functionality for existing
ones.

e Especially when (Ad-Hoc-)Groups with respect to con-
text parameters and abstract groups with respect to
less dynamical parameters (e.g., interests) are combined
(see section 4), the aspect of relevance can be filtered
much more effectively.

e In order to display a sufficiently large number of user-
locations for an appropriate overview, a map with a
sufficiently large scale needs to be used to visualize a
sufficient number of user-locations. On this scale, in-
dividual users in socially relevant groups are usually
not distinguishable any more because the symbols are
printed on top of each other. If groups are modeled
explicitly, expandable group symbols could be used in-
stead of printing the individual users on top of each
other.

e Furthermore, techniques like the Social Cluster Valida-
tion and Selection procedure SCVS allow for a degree
of ezpressiveness of the models (with respect to general
relevance and validity of clusters as groups) that is not
accessible with the “naked” eye.

e Without detecting and modeling groups and group in-
stantiations, no abstract groups with respect to context
parameters can be found and thus no such abstract
groups can be indicated. In order to give an overview of
a social situation, the indication of abstract groups (e.g.,
their meeting locations and their meeting frequency) is
of great value.

5.2 Social sensitive collaborative filtering

Collaborative Filtering is essentially about predicting the de-
gree of relevance of an information-item for one person on
the basis of degrees of relevance of that information item for
other persons. The degrees of relevance of the item for other
persons is either estimated implicitly or raised explicitly in
form of ratings. The relevance degrees for the other persons
are generally weighted with the strength of a relation from
the person in question to these other persons.

Denoting the rating of user k for item j by vy; and the set of
items that user k has voted on by I and the average voting
of user k by

Vg = Z Vkj (6)

JEIy
we can predict or estimate the voting of user k£ for an item
with index j,, that he has not seen or rated yet by [2]

n
Vkj = Tk + @ Y Whiey (Vi — Tiy)- (7)
kq=1

In this general formulation, the weights wgr, are a measure
for the similarity or correlation between users k and k, and
« is a normalization parameter. and their calculation distin-
guishes the basic CF approaches. The most popular variants
are the Pearson correlation or cosine measure.

All these ways to calculate the similarity or correlation be-
tween users are based solely on the ratings of the users. These
ratings can be gathered explicitly (by interacting with the
users) or implicitly (by inferring them via measurable param-
eters such as the time a user views item j or the frequency
of interaction etc. In any case, the similarity is calculated on
the basis of user-item relations (“ratings”) alone and neglects
other relations such as user-user relations, group structures
etc. that are very useful for calculating the weights.

In the conventional Collaborative Filtering approach, we
have the assumption that the rating for an item from a user
k1 is more important for guessing the usefulness of the item
for a user k2 the more similar the rating behavior of both
users is. In that way, the Collaborative Filtering process is
assumed to be “self-adjusting”: No matter what the other
relations between the users are like: If they like the same
items, a new comparable or similar item liked by one of them
may be of use for the other. But a key point is that the
new item should be similar to the previously related ones.
Thus the idea of Collaborative Filtering works best when the
items to be filtered are similar to the items which have been
used to train the Collaborative Filtering system Thus, if we
have very heterogeneous information items the conventional
approach does not work well.

The argument can also be turned around: if the users are
similar to each other and the new item is not very similar
to the previously seen ones, then the similarity between the
users is a criterion to nevertheless positively recommend the
item. However, the similarity aspect between the users should
match the “topic” of the item.

So what can be generally assumed is that Collaborative
Filtering works best, when

o User-Item-Relations (ratings) are similar between users.

e [tem-Item-Relations indicate similarity between filtered
items

e User-User-Relations indicate similarity between filter-
ing users

While the first aspect is (as has been discussed above) directly
respected in the conventional approach. the second and third
aspects are usually only implicitly respected by restricting
the topic focus of the platform that offers CF.

The most obvious idea to include user-user-relations is to
complement the weights calculated on the basis of rating-
similarity with weights calculated on the basis of user-user



similarity. We should look for suitable social structures which
have a high probability of being reflected in algorithmically
accessible data. Ad-Hoc-Groups, group instantiations and ab-
stract groups are natural candidates for such structures on the
sub-community level.

Where a community’s common pursuit would be too gen-
eral and where the mere organizational aspect of a community
(as a provider of service bundles) is very prominent, abstract
groups within the community are the “self-adjusting” compo-
nent for CF from the user-user-relation perspective. Groups
play a tremendously important role in structuring the per-
sonal knowledge and information sphere and it is reasonable
to assume that within an abstract group

e users have tight social relations with one another. Ex-
ample: Family

e a group-CIKS can be abstractly associated with the
group which is likely to be topically focused on the
group’s main social coherence aspect.

e if the items in this group-CIKS are not directly topically
related (trivial relation), they are likely to be related
indirectly via the social brace that the group represents.

Especially if two or more aspects are combined in the course of
the detection phase, the group is likely to have a real existence
(e.g., abstract groups wrt. location and velocity and abstract
groups wrt. interests are intersected) and thus is likely to be
a natural basic population for knowledge management and
information flow control services such as CF.

We denote (as usually) the membership degree of a user k in
a group G; (which can be a combined group (via the methods
described in section 4) or a single aspect group) by Usk, the
group’s prototype by m; and the item that is to be filtered by
I;. There are various possibilities to include the group model
into the augmentation / complementation equation for the
weights

1 .
Wiy, = m(wkka + B UikUir,sim(k, ka)) (8)
1 .
w;cka = m (wkka + 3 Z UikUikaSIm(k, ka)) (9)

1 . .
w;ka (I;) = m(wkka—i—ﬁ Zslm(ﬂi,lj) UikUikasnn(k:,ka))

(10)
Equation 8 uses only one group membership to filter the
general user-user similarity sim(k, k;) (for which we can set
e.g., the interest similarity sim(X%, X%,)). Equation 9 uses
all existing groups to filter the general user-user similarity
and equation 10 introduces a further similarity which aims at
comparing the group’s “topic” with the item to be filtered.
This similarity measure would have to be defined e.g., on the
basis of the vector model or more sophisticated means.

6. Conclusions

In this paper we have shown how groups in mobile commu-
nities can be detected modeled and applied. Transforming
the proposed approaches to a completely distributed agent-
oriented scenario where every user controls his / her own data
and no central community platform is necessary are the next
goals for future work.
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