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Abstract

We propose a framework for a unifying, associative access to distributed and heterogenous information
resources. The classical index generation is replaced by a process which builds associations between
existing information entities and allows for an interactive exploration of information accessible through
this structure. Positive ("this looks interesting”) as well as negative (I know this!”) user feedback
allows the system to quickly narrow down on interesting pieces of information. The continuous inte-
gration of new analysis engines, added sources of information and user feedback allow the formation
of a corporate wide memory and expert knowledge repository.

1 Motivation

Large corporations increasingly drown in all sorts

of data and other types of information they collect.

Modern storage technology essentially sets no limit
to the amount of information that can be stored. The
huge challenge is the problem of usage — how can
users be sure that they did take into account all rel-
evant pieces of information that relate to the current
task or problem they are dealing with?

One prime example for this scenario are research
departments in many pharmaceutical companies. In
order to successfully develop new drugs, many dif-
ferent types of information need to be combined, in
the end resulting in a new idea for a medication that

has not been patented before, that has no dangerous

side effects, or that is not, in some similar form, al-
ready being explored elsewhere. Currently this pro-
cess relies heavily on experts having intuition, long
years of experience and hopefully the right insights at
the right time. The sources of information these ex-
perts rely on are distributed across the entire company
(and some also over the entire internet): experimental
protocols, patent information, scientific publications,
biological information about metabolic pathways just
to name a few, and not to forgot, also the colleague
down the hall who would have something interesting
to say but who our expert did not happen to meet at
the coffee pot.

Current approaches try to address this problem by
building huge information repositories based on so-
phisticated database technology. Associative Infor-

mation Networks, as described here, aim to take an
alternate approach — instead of bringing all the infor-
mation together we propose to build a meta structure
that points to the information and helps the user find
interesting associations among different pieces of in-
formation through means of exploration and context
refinement. This meta structure is continuously up-
dated as more sophisticated methods to analyze the
information sources arise. In addition, it is possible to
naturally incorporate user annotations, capturing ex-
pert knowledge and feedback on the way. This pro-
cess is supported by methods derived from research
in the areas of data mining, information retrieval,
knowledge management, network and graph theory,
data visualization and human computer interaction.

2 Related Work

There has been a lot of work done in the past on
the idea of associative information processing, which
was in the beginning mainly motivated by the asso-
ciative information processing capabilities of the hu-
man brain (see, e.g., the work of Collins and Lof-
tus (1975)). Thus we can find methods ranging from
very general neural network based approaches of Ko-
honen (1977, 1984), over possibilistic networks or
graphs (Borgelt et al., 2000; Cao, 2000) and belong-
ing reasoning methods (Dubois et al., 1994; Gebhardt
and Kruse, 1995) to very specific ideas related to
document indexing and retrieval, e.g. (Chen, 1995;
Chung et al., 1998; Belew, 2000). Furthermore, also
ontologies and the Sematic Web (Berners-Lee et al.,
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2001) might be considered as an approach to enable
linking of semantically associated information.

However, several of the earlier projects failed,
since almost all of them are based on the idea that
it is possible to know in advance or learn automati-
cally an almost perfect descriptive link from (index-
)keywords to documents or in-between documents.
This information was then used in some kind of rea-
soning mechanism to retrieve relevant documents.
Unfortunately, in most cases this leads to the retrieval
of too few or far too many documents. A further ma-
jor problem had been the poor visualization methods
used.

In order to circumvent these problems, more
recently, some projects started in which methods
have been studied that are also able to handle more
general associative networks by providing interactive
visualization methods. In order to navigate and
browse complex association networks powerful
tools for visualizing relevant subsets for the current
exploration (or search) context of the user are
required. Recent commercially available approaches
that try to tackle this problem are, e.g., the Per-
sonal Brain fttp://www.thebrain.com/ ),

a navigator for indexed data that is however
only able to access documents on a local
data repository and the iAS KnowledgeSuite
(http://lwww.knowledgesuite.de/ ). The
KnowledgeSuite performs a semantic text anal-
ysis and creates strong links between previously
identified, named entities. In this case, however,
association are originate only from primed neurons
using positive activity spreading. No interactive
refinement or inclusion of uncertain, imprecise
information is possible.

In general one might argue that the linking of doc-
uments as proposed for the semantic web might solve
the problems of linking information sources. How-
ever, in the semantic web, one is forced to either link
or not link documents, where an existing link has a
clear, semantically valid meaning. Even though it
is in general possible to introduce mechanisms for
context based links (as realized for example in topic
maps, see e.g. Biezunski et al. (1999)), no mechanism
for storing 'gradual’ (e.g. possibilistic, probabilistic,
or simply anecdotal or evidential) links between doc-
uments are implemented. Furthermore, in the seman-
tic web the whole web is seen as the knowledge base
which includes both, linkend information chunks.

In our approach we add a general layer of links over
(the possibly already existing link layer within) the
considered database of information entities, which
could consist of information in the world wide web, a

local database or even notes on a local PC. This layer
allows to model a personal (or group based) view on
the same information, independent of (and not con-
flicting with) links already present in the data. How-
ever, we can easily incorporate general concepts of
the (semantic) web, like URIs and existing ontolo-
gies in order to model and exploit already available
information.

Another aspect that distinguishes our approach
from semantic web (or more general logic based)
approaches is that we do not use reasoning mecha-
nisms that require a consistent descriptions of rela-
tions between information chunks. The main goal of
the reasoning mechanism is to detect information that
is most likely interesting to the user for any reasons
(may be even because its contradicting!). In con-
trast, the reasoning mechanism itself is able to pro-
vide an explanation why some information has been
proposed.

One additional differentiator is the ability for con-
tinuous learning and updating of the underlying struc-
ture. Through integration of new analysis engines,
new information sources, or also manual feedback the
network continuously refines it's internal structure.

3 Associative Information Net-

works

3.1 Structure

Associative Information Network#\{ Net in the fol-
lowing) consists of nodes and labelled edges. Each
node represents an entity, which can be a concept
from the application area (e.g. a disease, or metabolic
pathway) or a named entity, such as a gene, a protein,
or a specific target. Edges represent links between
these entities and are labelled with a reference to the
information source(s) and information about the anal-
ysis engine that created it from these sources. In addi-
tion, each edge holds a weight, modelling the strength
of association, and a label indicating the type of the
edge. This way, a link can potentially also be derived
from an ontology, representing semantic connections
between nodes.

3.2 Learning and Refinement

In order to generate th&l Net we need to introduce
nodes, and links in between them. Refinement may
cause adjustment of links and addition of new nodes.
There are two primary ways how both, nodes and
links can be added:



e automatic generation: using analysis engines,
links between existing nodes can be added or
modified. Each analysis engine has a partic-
ular purpose and will, for instance, find co-
occurrences of words in documents, correla-
tions of genes in gene-expression experiments,
structure-activity relationships via the analysis
of cell-assay images, or connections between
genes and diseases from the analysis of patent
information. In comparison, this would resem-
ble the collection and modelling of automati-
cally derivable domain knowledge. Of course,
the addition of newly developed analysis en-
gines can continuously update the network.

e manual interaction: throughout usage of thie
Net, the user is able to manually adjust weights
of links, mark links as wrong, or insert new links
with annotations explaining their purpose. This
interactive refinement allows to capture expert
knowledge and feedback on the fly and enables
the system to model expertise available within
a corporation. It is, of course, crucial that this
interaction is handled in an intuitive way. The
user should not be required to adjust numerical
weights or draw links between abstract nodes.

Adding new databases, or more generally, informa-

tion sources is straightforward — as long as an anal-
ysis engine is provided that produces dependencies
between entities represented by nodes, new links can
easily be added. One further extension of this system
would also allow to generate new nodes (and node
types) by analyzing external information sources.

3.3 Link Formation: Details

As described above, links can be introduced automat-
ically or through manual refinement. The latter pro-
cess can be seen as user annotations, incorporating
expert knowledge into the network and are therefore
mainly an issue of user interface. In the following, we
briefly outline, based on a number of examples, how
the automatic generation of links and link-weights
works.

e semantic links: these are strong links (usually
weight = 1.0) which are derived from well-
known structures, such as ontologies or seman-
tic networks. Those are usually created by an
expert. Semantic nets, as extracted (semi-) au-
tomatically from data will need to add a compo-
nent that computes the confidence for each link
and convert this to a weight.

e syntactic links: these are links that are gener-
ated by a shallow analysis of data. The most
prominent example would be a text parser that
converts words to stems, eliminates fill words
and then produces a set of bi- or trigrams. The
corresponding nodes in thd Net will be con-
nected by weak links. For an example of the cor-
responding weight computation, see below.

e anecdotal evidence: These are links set by a
user, creating links for hypotheses generated by
a user (or based on hear-say). Weights of such
links are generally low. These links are in con-
trast to expert-based annotations that generally
have very high weights.

e data driven links: These types of links will con-
stitute the vast majority of network weights in
most cases. They are generated automatically
from data repositories. A few example (here for
the context of a pharmaceutical Al Net) could
be:

Gene correlations derived from gene expression
data. Links are introduced when, for example, a
specific threshold for co-occurrence in exper-
imental data is surpassed. The link’s weight re-
flects the correlation strength and for more than
two-dimensional correlations the corresponding
multi-edges are introduced. In addition each of
these links will carry an annotation pointing to
the source of it's weight, in this example a link
to the experiment and some meta information
(thresholdd, date of analysis, reference to exact
computation of weight).

Textual analysis where co-occurrence of named
entities within a specific distance (= words in be-
tween) results in a weak link to be introduced.
The weight depends on distance and quality of
text source.

Links between gene and protein names derived
from scientific articles based on a bigram anal-
ysis. Weights are derived from the average
distance and frequency of occurrence in docu-
ments, analogous to the TFIDF-score (Term fre-
quency / inverse document frequency).

e ontology/thesaurus links: Based on an exist-
ing ontology links will be introduced to con-
nect entities that are related based on this ontol-
ogy. This resembles a 1:1 correspondence be-
tween each link in the ontology and a link in
the network. The resulting links are strong links,
i.e. carry a weight of .0 since there is (usually)
no doubt about the reliability of that particular



piece of knowledge. Otherwise it would need to
be reflected in the link’s weight.

Obviously many other types of links can be gener-
ated, since the underlying structure is invariant to ori-
gin or meaning of links.

3.4 Exploration: Finding interesting as-
sociations

The network’s structure can be used in various ways
to find potentially interesting pieces of information.
Most straightforward would be the search for tightly

connected other entities, such as another gene that

is related to the ones the user just saw within an
experiment. This can be implemented via a simple
neighbor-search in the network, finding all genes that
are connected to the set of "query” genes.

More powerful are, however, searches that find re-
lated pieces of information via various steps, or so-
called bridge concepts. This can be implemented
analogous to activity spreading methods, as known
from the neural network community (Cohen and
Kjeldsen, 1987). The real power, in the concept
presented here, lies in the ability to perform this
search interactively. Throughout the search the user
can weight entities that he finds interesting positively
(and the ones he does not care about negatively), in-
stantly affecting the activation pattern and hence the
associations the network proposes. Such an interac-
tive scheme will heavily rely on a suitable visualiza-
tion of the graph network (see, e.g. Chen (2004)) and
appropriate adaptive user interfaces.

4 Conclusions

In this paper we have briefly presented the idea of
a generalized associative information network. With
this concept we try to simulate aspects of the associa-
tive capabilities of the human brain in order to support
a user in gathering information about a specific prob-
lem at hand. The tool is not meant to offer problem
solving capabilities, but rather to point out informa-
tion pieces a user might have otherwise not had the
chance to look at, be it for lack of knowledge about
their existence or because of a failure to see their im-
portance for the task at hand.
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