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Abstract: In multifarious offices, where social interacticmnecessary in order to share and
locate essential information, awareness becomesnauaent process that amplifies the
exigency of easy routes for personnel to be ableadoess this information, deferred or
decentralized, in a formalized and context-seresitiay. Although the subject of awareness has
immensely grown in importance, there is extensigagteement about how this transparency
can be conceptually and technically implementeds phaper introduces an awareness model in
order to visualize and navigate such informatiormiulti-tiers using semantic networks, and
Wehb3D. To support this concept we introduce twdedént algorithms. The first algorithm is
able to guide individuals to relevant informationdatopics. The second one is able to infer
hidden groups (clusters) in a large company netweogRresenting various communication
channels between individuals. Both algorithms poedeery promising results.
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1 I ntroduction

The principle motivation for this article lies iresolving the problem of major
disagreement on how to capture awareness [Gro§8].18wareness is an integral
CSCW (computer Supported Cooperative Work) reseatomponent, which
[Dourish, 1992] defines it as follows: “...awarendssan understanding of the
activities of others, which provides a contextyour own activity.”

There is a majority consensus on the use of semaetiwvorks in order to portray
objects including their relations to each otheicohcrete implementation of semantic
networks is Topic Maps (TM). A Topic Map consists Tipics, Associations and
Occurrences (the so-called TAO principle). Topillestrate things that exist in
reality, which are connected to each other throfigbociations in their relationship.
Occurrences are references to further informatioropics in external documents.
The informational content is not included in thepitoMap itself.

In the course of this contribution a layered mofiel capturing RWA will be
initially defined. To this end, collaboration datél be collected and finally evaluated
during the final step, the network generation. Fégli shows the organization of this
article.
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Figure 1: Procedure for implementing global Awareness with Semantic Networks

2 ThreeTiersof Awareness

The model distinguishes three presentation layehnih all serve as a type of detail:

e World view (macro view): Core members of the globstwork and
channels between them;

* Location of view (meso view): Local offices, locdtpartners and relevant
site-related infrastructure;

* View of an organization unit (micro view): workpkcroles, responsibilities
and artifacts.

Personnel and activities are specifically presertegarticular cases at each
corresponding layer. Entities in the micro viewlés) are atomic. The elements of a
layer are wired in a semantic network. An elemeaynn turn, be described again by
elements of a semantic network in a subordinataild&ultanow, 2010].

21 Macro& MesoView

The macro view displays the locations of the coremers, including their
connections and available channels between thes¢idas. It shows topics such as
engineering offices and testing divisions overseidls a transfer of artifacts.

The second presented layer provides a detailed wieindividual sites. It lists
those sites and channels that are only noteworthye$tablishments of network
development at any one particular regional siteesehinclude agencies, suppliers and
depots, which are only interested in this particukgional site to implement and
maintain its work. For a detailed discussion on mmamnd meso view along with an
evaluation of requirements and benefits in busin@gmnizations, see [Sultanow,
2010].

2.2 MicroView

The third and lowest level is semantically linkenl the places of employment,
positions, roles and artifacts. This level deté#ils view of individual organizational
units. It further displays the principle as wellakof the available channels. Jobs are
associated with artifacts (documents), wherebydiegcriptions or access rights act as
additional information, which can be complementethie form of occurrences.

As a topic people are assigned to their accordibg,jpositions and roles. Links
may be between jobs, positions, given roles ancrsép actors. Actors have the
ability to use the channels that are visually aldé in the macro, meso and micro
views. When they are in the relevant period ofinsEny one given channel, then they



will be visualized. Additional information aboutehcurrent activity will then be
treated as an occurrence, and suitably displayed.

Activities are always addressed by at least oneramtd are treated as Topics.
The visualization not only show those as directyghboring objects of the involved
actors, but also at the depicted connection lihasdffer the channel for this activity.
Topics, and in particular, activities, may vary @cling to their temporal occurrence
and can be faded in and out. This provides an dppity to visualize temporal
relationships.

Figure 2 shows the structure of a business urathficro View. Two view-types
can be made out, a static and dynamic view [Sultar?010]. The static view
illustrates employees, roles and artifacts. Theadyio view serves to show how
actors interact with each other. This could be gicample, a phone call or a sent fax.
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Figure 2: Semantic Network showing employees, artifacts within an institution (static
view).

3 Coallection of Collaboration Data

Collaboration data are very useful to infer theiéfrinformation channels in large
organizations. Information, based on real commuitnachannels is useful in
optimizing processes, team building and detectedundancies. There are various
sources for such collaboration data: internal blagsails, Instant Messaging (IM)
logs and others. Inferred data may then contaimdeaige on: “who is the expert in
what area” and “who is asking for what”. Methodsl aachnologies described in this



section allow setup of a system, where organizatiembers are able to find
information and experts in an efficient way. Moregwvthe presented methods allow
people to cluster in groups with similar interegt®/stions, and to summarize similar
objects/information in groups, where the similaigyintrinsically extracted from the
data. This means: people can be grouped accordiieg teal communicational
behavior and similar objects/information in a grasgperceived as related concepts
by organization members. The raw inferred infororattan be enriched by extracting
Meta Data from structured information stored inadl@ses or archives.

The process of data accumulation in such enviromtsrnismmainly based on Data
Mining and Natural Language Processing techniques.

4  System Evaluation

To illustrate a possible procedure, firstly thehtgical-mathematical concepts are
introduced. Then two different cases are investigiat

a) Query-Answer inference (extracting information fromommunications
systems)
b) Cluster inference (e.g. grouping according to rskéls and interests)

Mathematical concepts can be described as follo@sing forward, the
assumption is made that relevant data has alreaeéy lextracted from various
channels. An efficient representation of an ‘Infatmn-Human' network is a
hypergraph. A hypergraph G(V,E) is a finite set Mvertices, together with a finite
multiset E of hyperedges, which are arbitrary stdeéV. The incidence matrix H of
a hypergraph G(V,E) with E = {e(1),e(2),- - -,e(midaV = {v(1),v(2),- - -,v(m)} is the
m x m matrix with h(ij) = 1 if v(j) in e(i) and Otberwise. Such a hypergraph can be
visualized as shown in Figure 3.
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Figure 3: Hypergraph - Squares represent hyper vertices (topics) and circles
represent hyper edges (people).

Red squares are the hyper vertices and repreggos tor information. The blue
circles represent people. In the hypergraph framkevwbey are represented as
hyperedges. Note: each edge connects more thanddes. The interpretation of the
connections is context dependent: they may reptgssople’s special interests with
regard to specific information or they may show whothe expert in what topic
(information) or even who ‘owns’ what informatioRor example: node 1 (blue) is
expert in topic 1, 2, 3 (red).



For instance, in ‘case a’ a relevant question edldb the ‘Information-Human’
network (Figure 2) may be: if somebody is interdsteinformation 4 and 2, what are
the related topics to those? The presented techrimanswer this question is based
on a random walk model on hypergraphs. The calouldor an ordered ranking list,
which consists of relevant concepts/informatioquiees a propagation matrix P. This
matrix is defined as follows:

P(a,b) :[1—5(a,b)]$2[w(i)h(a, h(i,b)]  with k(@)= ;[W(i)h(a i)h(i, b)]

as the normalization constant)(a,b) is the Kronecker Delta andv(i) are the

connection weightsh(a, i) denotes thga, 1) the incidence matrix element.
Then, the algorithm consists of four steps [Blatt2€10]:

«  Forward propagationF (i) = P" xi
«  Backward propagationB(i) = P xi
« Finalrank: (i) = F(i)* B(i)
« Sort f(i)in descending order

P' is transposed from the propagation matRx while * denotes the element-
wise multiplication of two vectors angi is the seed or starting information/topic

(the one which is fixed to look for related conspfTo make things more clear,
assume the simple case where somebody wants toreiéted concepts to topic 4.
Using the above algorithm and the outlined netwdHe final ranking list is:

f =[5,1,3,2], (topic 4 excluded). We see that topic 5 is the most relatettept.

This makes sense in the above network setup, 8ipie 4 is only maintained by user
4 and user 3. Moreover, user 4 is elusive, onlpdpeibnnected to the crowd through
object 4. Therefore user 4 has the strongest infleend because he is also expert in
topic 5, we can expect that topic 5 is the topat ik most related to topic 4. In this
simple setup we used only one seed. The algoritewmeals its real power, when
choosing different seeds at the same time - mikifigences from different nodes.

To illustrate the potential of the second caseséech’, we use a spectral graph
theory [Chung, 1997] based approach. This technitpueeported as superior
compared to other methods like K-Means or ordiraGA [Ding, 2001]. Spectral
based methods have been applied in many fieldshiikeénformatics, recommender
systems and image recognition. The clustering nmashaconsists of the following
steps:

»  Project the hypergraph to a unipartite gr&ph-> adjacency matrixA

« Calculate the corresponding Laplacian Mattix= D — A, D is diagonal
node degree Matrix

« Calculate the eigendecomposition frdm

« Embed the first k non-trivial eigenvector in a krdinsional metric
(Euclidian) space

« Infer partition in this space



Here we only show how this technique is able tad fimetwork partitions
(clusters), based only on the projected networlucttire. The projection is
problematic and exceeds the scope of this papeisaitted here.

To demonstrate the algorithm’s ability to find dlers, we use a subset of the
email corpus from the Enron dataset, prepared &y Bérkeley]. Each email in the
dataset is labelled with at least one of eight ipdesgopics. In order to perform the
spectral clustering method we need to calculateathacency matrix A. Two emails
‘i and ‘J’ have a weighted connection, if they asemilar. A standard procedure in
Natural Language Processing (NLP) has been takealtwlate similarities between
each pair of emails by the use of a vector spacaetridlanning, 2000]. A total of
834 emails were used to group them applying themggad adjacency matrix A and
the described spectral clustering algorithm. Theltes shown in Figure 4. The first
three non-trivial eigenvectors of the Laplaciannimat span the metric space for the
clustered emails. We observe 6-8 separated gralussdrs).

Afterwards Berkley’s label-based cluster has beemgared to our NLP-based
cluster. Since emails have in general more thanlamd in Berkley’s Enron dataset,
we count the highest weighted label as the sigmitione. To be precise, it has been
checked, how many emails in one of our clusterfgelm the appropriate Berkley's
group. Here we observed an average matching off80%| 834 investigated emails.
In other words, the probability that an email haserb classified the same as by
Berkley is 80%.
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Figure 4. Clustered emails from the Enron Dataset projected in the eigenspace
spanned by the first three non-trivial eigenvectors of the Laplacian matrix.



5 Conclusions

The conception in this study shows a proven mefloodtapturing Awareness. The
above methods depend on the quality of the accustil#ata. That is, on the process
of data accumulation as a function of space ané.tifine proposed methods allow
visualization and optimization of processes in oregain insight into information
and knowledge flows in large organizations, one tmagonduct experiments and
elaborate on the data accumulation processes. frbisess consists of extracting
information from various communication channelse Thain techniques are based on
Natural Language Processing and Data Minifibe methods used in this study
proved powerful and efficient in the following datapture methodologies: Query-
Answer inference and Clustering detection.
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