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Abstract. This paper presents a fast technique for map generation of
document collections that, besides being able to group (and separate)
documents by their contents, runs at very manageable computational
costs, generating maps of preprocessed text in a matter of seconds.
Based on multi-dimensional projection techniques and an algorithm for
projection improvement, it results in a surface map that allows the user
to identify a number of important relationships between documents and
groups of documents that are reflected as visual attributes such as height,
color, isolines as well as aural attributes (such as pitch). The map is inter-
active, allowing further exploration and narrowing of focus on a search
task. The technique, named IDMAP (Interactive Document Map), is
fully described in this paper. The results are bound to support a large
number of applications that rely on retrieval and examination of docu-
ment collections.

1 Introduction

In a quest for informationon a particular subject in a large document data base,
it is a fact that the explorationof the results obtained has become a tiresome task
due to the amount of information retrieved by most search engines, and the lack
of comprehensive structure in their responses. Most search engines, and other
supporting tools for data interpretation, return the informationabout documents
that, in spite of been progressively enhanced, does not allow the identification of
higher level structure possibly revealed by the documents, such as new research
areas and sub-areas.

In order to support the task of browsing through recovered sets of documents,
there is a number of techniques for document ranking and for visualization and
mining. Using such techniques, document maps can be generated to help users
to identify the information contained in the documents, and the relationship
between them. However, the level of information that users can extract from
such maps still needs to be improved. In this context, new visualization supports
must be sought to help the user to pursue useful information.

This paper presents a complete methodology for generation of document
maps that improves the existing support to the identification of structure within



bodies of documents, as well as the identification of relationships between docu-
ments in a document collection. The methodologyis based on multi-dimensional
projection, resulting on maps that group similar documents efl'ectively. As a re-
sult, it allows users to identify similarity, relevance, and sub-areas of activity
based on document content. The display is a surface that can be explored using
an interactive tool that allows users to examine individual document properties
and neighborhoods.

The results are promising and are evaluated in terms of processing speed and
effectiveness of representation as compared to other available text visualization
techniques.

Section 2 presents a backgroundreview on text visualization techniques, high-
lighting the motivation for this work. Section 3 describes the full processing for
document map generation as well as its justification. Section 4 discusses the
results. Conclusions are drawn in Section 5.

2 Visualization of Texts

Text exploration and organization of text collections are tasks necessary in an
increasing number of applications. Therefore new tools for better interpreting a
set of texts without actually having to read them is paramount. The complexity
of the information involved calls for more support from perceptually significant
visualizations.

With the general goal of helping to organize search results, a number of
different techniques for text sets visualization, resulting from Web and other
repositories, have being deployed ([1], [17], [27], [2]). While these techniques
make sense for large text bodies of varied information, our focus is to provide
a map of documents that can be explored in several levels (from overview to
individual text) to find structures inside more limited collections of texts. So we
assume a pre—filtering task (such as a restricted search) that reduces the universe
of targeted documents to a few hundred texts. This is the context in which the
technique has been tested, although there is indication that many of the results
can be extended to mapping general searches.

There are many techniques for text visualization that, in order to meet the
above mentioned targets, search for a representation of the content of an individ»
ual text (eg. [20], [23]), of text sets (eg. [17], [5], [30]), or of themes approached
in texts (eg. [13], [31], [32]).

Usually text processing tasks employ the vector space model [24] whereby
texts are represented as vectors. In this vector space, each text is a vector with
the dimensions represented by terms (n—grams). The coordinates are the weights
of the terms based on their frequencies. Texts dimensions tend to be very high
for collections of documents. Typically, those dimensions reach the thousands
even for small to medium data bases.

The most common way to extract structure from a text collection is by apply—

ing some sort of dimensionalreduction techniqueover that vector representation.
This is the case of systems based on Multi—dimensionalScaling (MDS), Principal



ComponentAnalysis (PCA) or Latent Semantic Indexing (LSI), that work with
statistical measures for subspace reduction, and Self-Organizing Maps (SOM),
that employ neural computation ([30], [31], [5], [16], [32]). Those techniques can
be used to plot the original data in bidimensional (2D) space, when dimension
is reduced to 2.

Although dimensionality reduction is a natural processing trend for texts,
these types of techniques have high computational costs and low adaptability to
incremental processing. Multidimensionalreduction techniques also cause other
difficulties, such as [14]: high information loss when applied directly to two
dimensions (for display); reduction in input dimensions do not seem to affect
greatly the outcome; and there is a inherent discretization problem associated
with techniques such as SOM, by which individual documents in groups are
not distinguishable.For the target of this work, dimension reduction poses and
additional problem: when used to display the results in 2D, the mappings to
subspaces may define groups of ’similar documents’, but locally it is not possible
to relate neighboring texts. In a previous work [18] we have applied LSI success—
fully for the generation of document maps, but at much higher cost than with
the technique presented here.

Another recurring strategy to dealing with the organization of information
from a text collection is document clustering ([7], [22]), many times employed in
combination with dimensional reduction and SOM ([15], [30], [17]). They pro-
vide a way of relating documents with varying success rates. When clustering
techniques are applied, the intrarcluster relations are also not given as a result.
However, they are very useful to provide general overviews of large collections,
although they usually have to be interpreted by users with certain level of ex-
pertise.

There are approaches that completely avoid the problem of high dimensionv
ality by simply ordering the most used terms in the text and employing the first
N terms [23]. These strategies work well for single text representation and for
association of a limited number of texts, and even for some degree of clustering.
However, it also lacks in association between different documents and definition
of levels of similarity. Other approaches (such as the one by Carey and others
[7]) combine a number of different strategies to allow various views of the same
document set, potentially improving focusing and analysis tasks.

In general, the methods discussed above lack the ability to determine lev-
els of associations between texts. Others, that provide grouping (that is, more
significant information), are computationally expensive. Most do well with dis-
playing overall views of document collections but fail to support focussing to—

wards smaller groups of similar texts. We refer to the work of Katy Borner and
others [6] for a detailed description of the available techniques for text mapping
and their challenges. In many aspects the technique presented here is a com-
plement to those, providing means of rapidly examining iii—context groups of
documentswith good overall view as well. Its central points are the use of faster
distance—basedprojection techniques followed by a technique to recover some of
the information loss in the process of projection.



The visual representation adopted here is the landscape-typeof display, which
is very useful due to its ability to reveal information without resorting to highly
attentive perceptual processes, allowing interpretation even by users with little
expertise in the field. It has been the choice of many useful presentations of
texts before ([30], [31], [8], [9]) Additionally, surfaces are highly interactive and
familiar to most users. The surface representation of our technique is enriched by
mapping further significant information (such as degree of similarity) to visual
attributes (such as lines, colors and height) and aural attributes (such as pitch
and timbre). The final map can be explored by the users interested in having
an overview of a set of texts, locating important texts in the corpora, or finding
useful associations between texts.

The next section presents the complete mapping process from pre-processing
to projection and attribute mapping procedures.

3 Projection Techniques for Text Visualization
A previous work [29] has shown the advantagesof projection techniquesto obtain
useful views of multi—dimensionaldata sets based on distancemetrics. Addition~
ally, those techniques perform Well in terms of processing speed and lend them-
selves to landscape plots. This work set off to decide whether those techniques
could be as successfully applied to representation of text sets.

Different from other techniques that can be used to map data into 2D or
3D, such as dimensional reduction and clustering, the goal of distance-based
projection techniques — eg. Fastmap [12] and NearestNeighbor Projection (NNP)
[29] - is to place a set of points defined in multi—dimensional space in another
space such that the relative distances between points are preserved as much as
possible. The degree to which that distance cannot be preserved is called the
error of the projection. For projections into a bidimensional space (plane), this
problem can be stated as:

Let X be a set of points in R" and d : R" —> R be a criterion of proximity
between points in R". We wish to identify a set of points P in R2 such that if
a : X —> P is a bijective relation and d2 : R2 —> R is a proximity criterion in R2,
then |d(:ci,wj) — d2(a(zi),a(xj))| is as close to zero as possible Vzhasj E X. In
this paper we call the set P a projection.

In order to create meaningful projections, the definition of a proper proxim-
ity criterion between the points of X is very important. Here, each document
is represented as a vector, so that it is possible to calculate algebraically the
distance (proximity) between texts.

The complete set of steps taken to build a map based on projection in this
work are:
1. text corpus pre—processing to build its representation in vector space;
2. projection to twodimensional space using a fast algorithm, followed by an

improvementstrategy (the Force Scheme [29]);
3. hierarchical clustering of the projected data for subgroup identification.
The next sections describe each step of the process in turn.



3.1 Text pre-processing and pre—reduction
In order to generate the vector representation of the text set in this work, the
original texts (composed by title, authors, abstract and references of articles)
were submitted to the following procedure:
1. Stopwords were eliminated from all texts;
2. Stemming was applied to extract word radicals using Porter’s algorithm [21].
3. A frequency count was performed applying Luhn’s cut [19] so that terms

appearing less then 5 times were ignored.
4. Bi—grams were formed from the remaining words in the texts, that is, we con-

sidered as terms the occurrence in sequence of a pair of words. The software
employed in this step was Ngmm Statistic Package (NSF) [3].

5. A process to weight terms according to their frequency was carried out; in
our case the weight was computed as the term-frequency inverse document-
frequency {tfidf} [25].

The result of that process is a table of documents x terms in which each
term is weighted according to the tfidf. Each line of the matrix (a document) is
a vector, each final bi-gram is a dimension, and the tfidfs are the coordinates.

For many text processing activities, the number of dimensions in the resulting
table is still too large (usually it reaches few thousands). Since our methodology
is based on the idea of preserving the original space distances into the projected
space, and the distance between points become unstable with high dimensionality
[4], a pre-reductionof attributes (terms) must be performedbefore the projection
takes place

One effective way to deal with this pre—reduction is to define new ”groups
of terms’ by attribute clustering to obtain a new reduced set of attributes. To
do that, k—means clustering can be successfully employed {10] taking terms as
vectors and documents as attributes (that is, provisionally transposing the rep—

resentation). Due to the charge of that procedure in the overall processing time,
we have devised a change in the algorithm (see Figure 1) with little influence in
the outcome of the projections.

The difference to the original k-means lies in the fact that the centroid is re-
computed each time a point is assigned to it. After centroid selection, the matrix
terms x documents is recomposed by combining the values of the attributes in
the same group to form one single attribute.

The above pre—reductionresults on a new matrix Tux; of documentswith the
same 11 documents but I ’clustered' terms. The coordinate for the new terms is
a combination of the tfidf(term frequency inverse document frequency) of the
various terms in the cluster it represents [10].

3.2 Projection techniques
In order to execute a projection based on the matrix T, a metric is necessary to
establish a distance criterion between two different texts (d in the problem state—

ment given previously in this text). A similarity measure that usually performs
well for document processing is the cosine metric, given by:



Inputs:
A = {m,. . . ,am} (attributes to be grouped)
l (number of groups)
N (number of iterations)

Output:
C = {C1, . , . ,Cz} (centroids)

Procedure:
Set C to initial value (e.g. random selection of A).
For x from 1 to N

For each oi E A
Find the nearest centroid Cj E C of a;
Recompute the centroid 67' according to at

Fig. 1. Modified k-means feature clustering.

z
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scos(t,-,tj) =

where:
ti and tj are two lines of the matrix Tux; of documents, that is, the vector
representations of two different documents.

From that, a distance metric can be obtained [12], given by:

d(t.v,tj) : 2 * (1 — scos(t,-,tj)) (2)

Two distance based projection techniqueswere used in this work to generate
the projection P of the set T of points. The first was Fastmap and the second was
the NNP, with similar results. Fastmap [12] is a well know techniquebased on the
idea of hyperplane projection. NNP [29] projects points defined in the original
space onto 2D plane by trying to find a position that reproduces the original
distance between each point to its 2 closest points. Details of both techniques
can be found in the references provided.

In the context of multi-dimensional visualization, the original Fastmap tends
to produce representations too compactwhile NNP tends to scramble neighbor-
ing points, impairing the effectiveness of the final result. A force—based projection
improvement technique (see [29]) was used to enhance point placement, recov-
ering part of the information lost during the projecting process. What this force
scheme does is iteratively approach points projected too far and repel points
that were projected closer than they should have. This algorithm is quite fast as
applied in the context presented here.

The final result of the projection is a set of points P in R2, each representing
one document, so they can be plotted using their projected coordinates.

Visualizing the projected documents as points on a plane tends to compro-
mise the interpretation and exploration, even when the points are represented
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Fig. 2. Generation of a surface model from text data. (a)’glyphed’ View of the pro-
jected points (b) 2D Delaunay Triangulation (c) Isolines and height map for subgroup
determination.

by ghy'phs such as a sphere (see Figure 2(a)). In order to produce a better land—

scape view from the projection, we perform a Delaunay triangulation [11] over
the vertices (see Figure 2(b)).

The triangulation is useful for many purposes besides improving the percep-
tion of neighborhood. It lends itself to other mappings that can be combined to
highlight important information to the user. The subject of attribute mapping
is discussed in the next section.

3.3 Attribute mapping

The projection gives a placement of documents on a plane, where the document
positions are based on a similarity measure of documents. The triangulation
offers a mesh of these data, whereby the neighbors of a particular point (vertices
in incident edges) indicate the closest documents according to the projections.

Classically, visualization techniques can generate a number of graphical dis-
plays from this set-up, particularly if scalar (or even vector) data are assigned as
attributes to the Vertices of the mesh. In the display, colors or heights can help
locate highlighted attribute information. Paper relevance, number of citations,
year of publication, are all valid attributes in that context.

Another possibilitywe have considered for attribute assignment is to use it to
reflect sub—areas of interest inside the main subject areas of the document search.
To do that, we have performed Hierarchical Clustering (H0) of the projected
data. HC defines groups of elements progressively, using divisive or agglomerative
approaches. The approach used here adds elements in pairs (elements are first
points then clusters), producing a tree (dendogram)with various levels of clus-
tering. The decision of similarity between clusters was based on the single-link
method [28]. As well as the similarity within a group, the depth of the dendd
gram formed is meaningful information as well, in the sense that it represents a
level of grouping with other points.



Therefore by mapping the depth of the HC to each projected point (as a scalar
stored in the triangulation), new visual mappings can be obtained of levels of
similarity among documents.

Figure 2(c) shows the mapping of that information (clustering depth) to
color. In that case, the points colored in dark blue (or green) can be seen as the
focuses of the various clusters of documents, that is, the documents placed at the
leaves of the dendogram produced by the hierarchical clustering process. As the
color changes from blue to red (in the rainbow color scale) new levels of grouping
are achieved, until clustersmerged closer to the root of the tree are viewed in the
red regions. In our initial maps, that same information is redundantly mapped
to height. Thus, the leaves of the clustering tree are also at the hill peaks, and
the roots are the valleys of the landscape. In addition we have also traced level
curves (isolines) correspondingto various clustering levels, in order to facilitate
the visualization of the sub-groups formed, thus completing the map. Horn this
figure it is possible to see that the curves help identify the borders of groups of
documents.

Many of the features that a map is capable of representing are more useful
under interactive exploration. The possibilities of interaction with the map are
presented in the following section.

3.4 Interacting with surface maps of documents
The spider cursor is a tool for interaction with visualizationsusing sound [26].
The tool allows exploration of a data set represented by a triangulation by
showing a cursor (called spider) on top of the triangulation as the user moves
the mouse over the surface. From a central point (located by the cursor) the
neighbors in the triangulation are shown with line segments (looking like spider
legs). The value stored in the vertex pointed by the cursor is mapped to pitch of a
pre—selected instrument. Another document property, represented by a character
string, can be shown on a field on top of the presentationwindow. Section 4 shows
some screen shots ofmaps under explorationby the spider cursor (see Figure 5).
The tool complements the static attribute mappings for the interpretation of
landscape displays.

The sound mapping is very useful, amongst other things, to resolve ambi~
guities in the visual mapping. Thus, two difierent documents visually undistin-
guishable in terms of their color or height can most times be told apart by the
sound they produce when pointed at.

The techniquespresented here (jointly called IDMAP - Interactive Document
Mup) resulted in a very useful interactivemap for explorationof text collections
(and other data). The next section presents some results obtained with the
processing of various corpora using this methodology.

4 Results
Using the IDMAP method presented here we have initially processed three cor—

pora (one on Case-Based-Reasoning (CBR), another on Inductive Logic Pro-



gramming (ILP), and a third on Information Retrieval (IR)) comprehendinga
collection of 574 documents.The CBR and ILP corporawere manually extracted
from Lecture Notes on those subjects and the IR corpus resulted from a web
search on the subject. All the pre—processing of the text to extract the contents
and normalize the references was done by student members of our teams.

Reviewing the process, from the pre—processing step we have as result a ma—

trix of documents x terms. That matrix was 574 documents x 6082 attributes
for the CBR+ILP+IRcorpus using a Luhn’s cut off of 5. After that, there is
a. further reduction using (modified) K-means feature clustering. Both the orig-
inal and the modified K-means were used, and the results are shown here for
comparison.

(b)

(C) (d)

Fig. 3. Projections of the CBR+ILP+IR corpus usingNNP. Color is pseudo-class. Red
is CBR. Green is ILP. Blue is IR. (a) 2D Delaunay triangulation of the projection with
k—means feature clustering (b) Resulting surface View of (a) (c)2D Delaunay triangu-
lation of the projection with modified k—means feature clustering (d) Surface View of
(C)

That resulted in a document matrix, for the triple corpus, of 574 documents
x 13 attributes. These documents were then mapped using NNP projection.
Figure 3 shows the outputs of this process, where color represents at this point
the original classification of the documentesas CBR, ILP, or IR. This is a pseudo-
classification, since the source of the paper was the only criterion to determine
its class. It is, however, a good basis for evaluating the results.

As it can be observed in those pictures, the projections come a long way to-
wards separating the main classes of documents. They occupy specific ’portions’
of the map, apart from a small proportion of ’outliers’ clearly distinguishable in
the surface views of the projections. The fuzzy boundaries as well as the outliers
are expected, particularly because the classes were inferred from their sources,



and the three areas of knowledge have many concepts (and certainly expressions
and terms) in common.

To verify the ability to split document collections by content, we have pro-
cessed and added a new set of documents, containing 101 documents on the
general subject of sonification 1. The corpus was recovered from a web search
and processed the same way as the others. Figure 4 shows the result of process-
ing the new corpus (SON) together with the other three test corpora. It can be
seen from that projection that the technique still separates the new corpus from
the three others. As expected, there is an extra number of outliers due to the
addition of a new class.

(C)

Fig. 4. Projection of the CBR+ILP+IR+SON corpus, using FASTMAPwith modified
k-means feature clustering. Color is pseudo-class. Red is CBR. Light blue is IR. Dark
blue is SON. Yellow is ILP. (a) Surface view (b) 2D Delaunay triangulation (c) Groups
of papers intentionally added (d) An amplified part of (c).

In order to test the capability of content based point placement, another
test was performed - seven papers were intentionally choosen and added to the
group of papers. Five of them belong to the general class of sonification. These
articles had at least two common authors and represent and evolution of the
same sonification system over the years. The other two papers again have at
least two of the authors repeated, but the main subject of the paper was not
sonification. One of them mentioned sonification incidentally, the other didn’t.
Figure 4 shows the map for that test.

In Figure 4 (c) is possible to note that the new papers belonging to the
sonification area are mapped within the general sonification pseudo—class (circle
B). The paper that mentioned sonification incidentally, is also mapped within
‘ Sonification is defined as the display of information through sound.



this pseudo—class, indicating the importance of author’s names (and most likely
some self-reference too) in the context. The paper that is not related to the soni~
fication area (circle A) is placed between two groups of different pseudo-classes,
indicating that it is not strongly related to any of these groups. In addition, the
papers that deal with the same sonification system are grouped together since
they are quite related. Figure 4 (d) shows an amplified part of figure (c) which
represents the circle B.

The final document map is obtained, as detailed in Section 3.3, by running
hierarchical cluster over the projection. Figure 5 shows the final maps of four-
corpora recovered from an Internet repository? It comprehends 1624 files in the
181 format on the subjects of Bibliographic Coupling (BC - in red), Cocitation
Analysis (SC — in blue), Milgrams (MB - in green) and InformationVisualization
(IV - in orange). It can be seen in those pictures that the IV corpus, which
dominates the plot due to the number of files it comprises (1236 files), possesses
five ’hill peaks’, while other ’hill peaks’ on the map also appear, one for each of
the other classes (once BC and SC are correlated areas, there is only one ’peak’
for both of them).

(b)

(c) (c)

Fig. 5. Final document collection map after projection by FASTMAP with modified
k—means. Color and height are cluster depth (level of grouping).1501is limit sub-areas.
Hierarchical clustering is single link. (a) Map of BC+IV+MB+SC corpus (b) Map of
BC+IV+MB+SC in perspective (c) Map of BC+IV+MB+SC with level curves. (d)
Spider cursor over the map of BC+IV+MB+SC corpus.

2 ella.slis.ii'ldia.na.edu/~ katy/outgoing/hitcite/{bc,sc,mb,iv}.txt



The displays were generated using the visualizationtoolkit (http://wwwytkorg),
of which the spider cursor exploration tool is an extension.

Preliminary results of exploration of these maps indicate that the subgroups
formed in the visualizationsmatch the general idea of close association between
papers, with few exceptions. Closer examination (both theoretical and practical)
of that issue is being pursued.

The whole process, from the creation of the original term matrix (after bi-
gram determination) to attribute mapping, takes 24.109 seconds for the CBR+ILP+IR+SON
corpus using k-means feature clustering and 13.36 seconds using modified k-
means feature clustering; 142.187 seconds for the BC+IV+MB+SC corpus using
k-means feature clustering and 106.596 seconds using modified k-means feature
clustering. These times were reached on a AMD Athlon XP 2400 computer, 2
GHz, and 512 MB of RAM. Surface display itself (including isolines calculation)
is instantaneous. Interaction is done by the spider cursor in real time.

As far as algorithm complexity goes, feature clustering is 0(n), FASTMAP is
O(log(n)), NNP is 0(n2) (or 0(log(n!) for data access with fast nearest neighbor
query). Force is 0(n2). With IDMAP the algorithms with higher complexity
order are run on lower dimensionalities, which improves computational costs
considerably.

The above maps generated by IDMAP were compared with the ones we
have produced in a preliminary work of ours [18]. That work created maps
by means of dimension reduction using LSI. We have used the package SciLab
(http://scilabsoft.inria.fr/) to process a dimension reduction of the terms >< doc-
ument matrix to 2, plotting the result as 2D coordinates. In terms of quality,
LSI maps tend to separate well up to three classes of texts, with slightly less
outliers. However. when the class SON was added to the previous 3-subject
corpus, there was a mixture between SON and IR documents. Comparatively,
IDMAP has separated well the 4-subjects corpora with no difficulty. Also, com—
putational times for LSI based maps ran in the order ofminutes due to the need
for processing the data without attribute reduction to obtain good results. For
instance, for the corpus CBR+ILP+IR+SON it took 159.203 seconds to gen—

erate the map; for the corpus BC+IV+MB+SC the use of computer memory
was overwhelming and the LSI process did not complete. IDMAP, on the orther
hand, completed in very reasonable time, as highlighted above, and used very
little memory compared to LSI maps.

5 Conclusions

In terms of usability for exploration of texts, IDMAP compares well with other
techniques. It complements those in the sense that it can generate maps that
help explore structure and relationships in document collections inter and intra-
groups and allow exploration of those collections in various levels (from overview
to individual browsing). It is fast enough to deal with reasonably large corpora,
comparing very well against the alternative use of dimension reduction, and
generatesvarious levels of information. In itself it presents a novel, unique form of



document map generation, to support information gathering prior to individual
text examination.

A very important observationon the technique proposed is that, although a
few outliers appear after projection, the approach is still capable of separating
groups of documents very Well, at a rate close to the best classification tech-
niques.

In a near future we plan to study the inter-relationshipswithin the map to
evaluate and model the efiects of the various processes carried out against var-
ious other methods of clustering and document organization. Extensions of the
mappings are planned to reflect higher order information and stronger semantic
relationships amongst the documents.

A software system itself is to be developed and made available as a Web sys-
tem for general use. All the pre-processing tasks that were performedmanually
in places are possible to made automatic, and this is in our plans.

The mapping process can be applied, from the distance matrix, to any data
set that can be expressed that way, so the system will encompass other forms of
data visualization and exploration apart from text.

We are working on other types of similarity metrics between texts to extend
the flexibility and usability of IDMAP. Additionally, algthough scalability was
not an initial focus here there is indication that the approach could be adapted
to handle much larger text collections. That subject is under study.
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