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Abstract recognition of multi-word terms using the ECTEext
. . Analysis Tool, which is part of theEuramIS workbench
Ir_1 th|s_ sh(_)rt paper we present two cl ustermg_and [T & T, 1998]
visualisation techniques for document collections ' '
which have been developed at the Joint Research
Centre to support specific users within the Euro- 2 WEBSOM
pean Commission. The visualisation tools will be The first visualisation technique is a customised version
part of a complex document retrieval, informa- of a neural network approach calledceBBomM. WEBSOM
tion extraction and visualisation system. is a method which has been developed by the Neural
. Network Research Centre of Helsinki University of
1 Introduction Technology ([Kohonen et al., 1996]) and which organ-

Like any other organisation, the European Commission ises document collections and presents them in two-
(EC) has a need to monitor activities and events in its ~ dimensional space. The method owes its name to its
fields of interest. To this end, the Joint Research Centre  original use, which was a successful large-scale imple-
(JRC) is building a document retrieval, information ex- mentation of the system using internet (web) documents,
traction and visualisation system which has the goal of  on the one hand, and, on the other hand, to the fact that it
making large amounts of relevant information from the  is based on two successive runs of the connectionist Self
internet and the EC’s intranet accessible in an efﬁmen@rgan,smg Map (SOM) model. The SOM algorithm is

and easily intelligible manner. _ _ _considered one of the most flexible algorithms amongst
Both visualisation methods described in the following

sections organise large collections of documents (ol S B
other items) in a two-dimensional space (a ‘map’) where 1 }WWF"I;E‘:[
similar documents are placed close to each other. Th _

purpose of this is to give users a quick overview of the it miiil

collection and to retrieve documents which are similar to* == ==
a chosen one. We explain both approaches on the bas-._ = "~

of a small sample of 260 English documents. As with all, | e [ 1:.“-' -
statistical methods, a larger sample will improve the ac-*=*| *== b
curacy of the system. o P o, N oy
In addition to these visualisation techniques, relevant T _
components of this system comprise a tool to retrieve —

documents safely from the internet, a text pre-processin—

tool which also extracts some basic entities such as date |[|Fiii s, o7 7 it R i s G e
countries and legal references, a bigram-based Ianguac= PR S v WA S f COAT W B0 B e Aah Liad NI
identifier, a lemmatiser, a keyword identification tool, a'.III tra '“;-Z-:- +

subject domain identifier and a word/document cluster- .
ing tool. The document visualisation techniques are ap . s T
plied at the end of a series of retrieval, normalisation an¢  jeis= & = 1w
information extraction steps. Normalisation also includes, |re=iima ==

the translation of non-French texts into French, using the Figure1 Snapshot of the lower right part of adocument map,
EC’s machine translation syste@ystran, as well as the plus the full text of the ‘Community relations’ document.
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many that map high-dimensional data such as document  than the large “1%-dimensional” dendrograms permit, we
vectors onto a much more tractable two-dimensional rep- map them onto a two-dimensional grid. The procedure is
resentation. to first cut up the trees into nine subtrees (by starting
Loosely speaking, due to the SOM organisation prop- ~ from the root and dissolving the weakest nodes until
erties, documents which will be attached to the same or  there are 9 subtrees) and then to distribute these within a
to neighbouring cells in the ‘document map’, will be ex-3x3 grid in such a way that more related subtrees lie

PP — . . closer to each other. Then we continue this division and
pected to be ‘similar’. Figure 1 displays the bottom rlghtdivide those of the nine subtrees which contain at least

region of a document map with 18x18 cells, which was ine items into nine further subtrees (subsubtrees). When

trﬁmed on the smalfl ;et of 260 documents. 'IE.af_h CeEalculating the best cell for each subsubtree in order to
shows a maximum of three document names. Clicking ORaye similar cells close to each other, we consider all

one cell opens a scrolling list window, and selecting &ijgnht subtree-internal and the closest neighbouring sub-
document name in the list lets its full text be available. t{ree-external cells/subsubtrees. The result of this is

shown in Figure 2 where we also visualise the similarity
3 Cluster analysisyielding doc- or word-maps between each neighbouring subsubtree pair by the thick-
pess of the cell walls: the thinner the wall, the more
§imi|ar the items. The numbers indicate the number of

analysis. Besides documents, items such as indexi’.%ocuments associated to each cell. Figure 3 zooms in on
words can be visualised. Here we choose to illustrate thg'® |0Wer Ieft corner of Figure 2 and shows the keywords

procedure with the indexing words because their organicontained in its cells.

sation into clusters is easier to understand using on

common thesaural knowledge. bovi ne anti biotics )

Once the textual data has passed through the modt bse human l'i mburg
of pre-processing, language recognition, translatio encephal OfPat "™ | addictive | Protection
lemmatisation, and keyword identification, we have a t; [j SPongtTorm f eed net her | ands
ble where each document is represented by a set of (p consumer
sibly weighted) indexing terms. On the basis of these 1 . det ect
bles we calculate two similarity matrices: the wordXwor: di sease report
matrix and the docXdoc matrix (see, e.g. [Oakes, 19¢ or phan i nt end resi due
110-120]). From the similarity matrices we create th medi ci ne I nten use
corresponding dendrograms. The algorithm is binary, t pr oduct ani mal
erarchical, agglomerative, and uses the average linke
between the documents/words. Except for the similari i nf ect
calculus, the procedure is virtually the same for boi scrapi e | abel I'i ng _
dendrograms. scientific | transparancy | commttee

In order to visualise how the indexing words or th veterinary
documents relate to each other in a more compact w

'
N B A I S I Figure 3 Detall of Fig. 2 showing how 29 of the 321 indexing terms

I 1 1 1 2 2 3 used inasmal test run are optimally mapped onto two dimensions.
! 1 2 3 |
2 For larger document collections, this 9x9 grid must be
1 1 1 I collapsed further and the cells should be made 'clickable’
to make their underlying subtree pop up in an interactive
21111 4138]21]J13] 1 1 1 session of data exploration or information retrieval.
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