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Abstract - Self-organizing large amounts of textual data in
accordance to some topics structure is an increasingly
important application of clustering. Adaptive Resonance
Theory (ART) neural networks possess several interesting
properties that make them appealing in this area. Although
ART has been used in several research works as a text
clustering tool, the level of quality of the resulting document
clusters has not been clearly established yet. In this paper,
we present experimental results with binary ART that
address this issue by determining how close clustering quality
is to an upper bound on clustering quality.
I. INTRODUCTION

We consider the application of clustering to the selforganization of a textual document collection. Clustering
is the operation by which similar objects are grouped
together in an unsupervised manner [1, 2]. Hence, when
clustering textual documents, one is hoping to form sets of
documents with similar content. Instead of exploring the
whole collection of documents, a user can then browse the
resulting clusters to identify and retrieve relevant
documents. As such, clustering provides a summarized
view of the information space by grouping documents by
topics. Clustering is often the only viable solution to
organize large text collections into topics. The advantage
of clustering is realized when a training set and classes
definitions are unavailable, or when creating them is either
cost prohibitive due to the collection shear size or
unrealistic due to the rapidly changing nature of the
collection.
We specifically study text clustering with Adaptive
Resonance Theory (ART) [3, 4] neural networks. ART
stability and plasticity properties as well as its ability to
process dynamic data efficiently make it an attractive
candidate for clustering large, rapidly changing text
collections in real-life environments. Although ART has
been investigated previously as a means of clustering text
data, due to numerous variations in ART implementations,
experimental data sets and quality evaluation
methodologies, it is not clear whether ART performs well
in this type of application. Since ART seems to be a
logical and appealing solution to the rapidly growing
amount of textual electronic information processed by
organizations, it would be important to eliminate any
confusion surrounding the quality of the text clusters it
produces. In this paper, we present experimental results
with a binary ART neural network (ART1) that address
this issue by determining how close clustering quality
achieved with ART is to an expected upper bound on

clustering quality. We will consider other versions of
ART in future work.
II. RELATED WORK

We consider one of the many applications of text
clustering in the field of Information Retrieval (IR) [5],
namely clustering that aims at self-organizing textual
document collections. This application of text clustering
can be seen as a form of classification by topics, hence
making it the unsupervised counterpart to Text
Categorization (TC) [6].
Text self-organization has
become increasingly popular due to the availability of
large document collections that change rapidly and that are
quasi-impossible to organize manually. Even TC becomes
unsuitable in such environments because supervised
learning of classifiers is not plastic and thus requires
retraining upon detection of novelty. Representative work
on text clustering includes, among many others, [7, 8, and
9]. Due to space limitation, we will restrict our review of
previous work to text clustering with ART. As well,
supervised versions of ART [10] applied to text
categorization [11] will not be considered.
MacLeod and Robertson [12] were as far as we know
the first researchers to consider ART for text clustering.
They used a modified version of ART1 in which the
similarity computation and weight updates involved
domain and task specific knowledge. The inclusion of this
knowledge makes the ART implementation more complex
but may advantage it over a basic form of ART1. We
intend to test this type of ART network in future work, but
for now we are interested in establishing the baseline
quality that can be achieved with a more basic
implementation. The relatively small Keen and Cranfield
text collections (800 and 1400 documents respectively),
were used to test MacLeod’s algorithm. ART clustering
quality was evaluated with the F measure computed on the
results of provided queries. This approach to cluster
evaluation does not allow for a comprehensive evaluation
of the resulting cluster structure, since it only considers the
set of queries. The clustering quality results were not very
good with F1 = 0.25 and 0.15 (minimum quality value is 0
and maximum 1), but were comparable with other nonneural clustering results published on the same data sets.
Merkl [13] compared ART with Self-Organizing Maps
(SOM) [14] for the clustering of a small collection of
documents and concludes that SOM forms better clusters
based on a visual qualitative evaluation. We want to avoid

such a subjective evaluation. Moreover, we think that
SOM has several weaknesses compared to ART that make
it unsuitable for document clustering in a real-life
environment characterized by high volume of dynamic
data. Indeed, it is unstable under growth while ART
provides inherent stability and plasticity. Furthermore, the
multiple iterations required to attain convergence with
SOM are incompatible with a real-time environment.
On the other hand, some research concluded that ART
text clustering resulted in good quality clusters. Vlajic and
Card [15] used a modified ART2 network to create a
hierarchical clustering of a small number of web pages.
They report that clustering was “appropriate in all cases,
when compared to human performance […]”, but provide
no quantitative result. Reference [16] also considers
hierarchical clustering, but with ART1 and with a small
database of document titles. Clustering quality is deemed
adequate based on the percentage of overlap between
clusters and expected classification. The evaluation
measure and text collection were non-standard. Finally,
Kondadadi and Kozma [17] compare KMART, their soft
clustering version of ART, to Fuzzy-ART and k-means.
The text data consist of 2000 documents downloaded from
the web as well as another 2000 newsgroup documents.
Quality evaluation is based on a one-to-one match of the
documents in the clusters with the documents in the
specified category. K-MART and Fuzzy-ART results are
encouraging with above 50% matching for 100 to 500
document subsets of the original text collections, while kmeans stays in the range of 22-35% matching. However,
this evaluation method is optimistic since it does not
account for false positives (i.e. documents that are present
in a cluster but do not match documents in the
corresponding desired topic).
III. EXPERIMENTAL SETTINGS

We selected two well-established cluster quality
evaluation measures: Jaccard (JAC) [18] and FowlkesMallows (FM) [19]:
JAC = a / (a+ b+ c)

(1)

FM = a / ((a+ b)( a+ c))1/2

(2)

where:
a is the pair-wise number of true positives, i.e. the
total number of document pairs grouped together in
the expected solution and that are indeed clustered
together by the clustering algorithm;
b is the pair-wise number of false positives, i.e. the
number of document pairs not expected to be grouped
together but that are clustered together by the
clustering algorithm;

c is the pair-wise number of false negatives, i.e. the
number of document pairs expected to be grouped
together but that are not clustered together by the
clustering algorithm.
We also use a measure that computes the F1 clustering
quality value. It uses the same underlying pair-wise
counting procedure as Jaccard and Fowlkes-Mallow to
establish a count of false negatives and false positives, but
combines those values following the F-measure [5]
formulae:
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where p = a/( a + b) is known as the precision and r = a/( a
precision and recall.
The "ModApte" split [20] of the Reuter-21578
Distribution 1.01 data set is used for our experiments. This
data sets is known to be challenging because of skewed
class distribution, multiple overlapping categories, and its
real-life origin (Reuter newswires during the year 1987, in
chronological order). We evaluate clustering results
against the desired solution originally specified by Reuter's
human classifiers. We only use the desired solution
information to evaluate clustering results, i.e. after the
clusters have been formed. Reuter is a benchmark data set
for TC. Using this data set specific split and the F1 quality
measure makes comparison with published TC results on
the same split [21] possible. This is an important and we
believe innovative aspect of our experimental approach:
TC F1 quality results are used as an upper bound for
cluster quality since learning in a supervised framework
with labeled data provides the best possible automated text
classification (with current technology). Thus, clustering
can be expected to approach this level of quality but not
exceed it since it relies solely on the information present in
the data itself. This way of evaluating clustering quality
allows one to clearly establish the level of quality obtained
by a clustering algorithm as a percentage of the upper
bound quality.
We use the k-means [22] clustering algorithm to
establish a lower bound for quality. Our rationale is that
since k-means represents one of the simplest possible
approaches to clustering, one would expect that any
slightly more advanced algorithm would exceed its
clustering quality. The parameter k is set to the number of
topics (93) specified by the domain experts who manually
organized the Reuter text collection. K-means initial
cluster centroids are determined randomly and clustering
results are averaged over 10 trials to smooth out extreme
values obtained from good and bad random initialization.
Our hope is that ART clusters would exceed significantly
1
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the quality obtained with k-means and approach the
quality of supervised TC.
In this set of experiments, we use the simplest form of
ART, binary ART1 in fast learning mode, to establish
what should be the baseline level of quality attainable by
ART neural networks. We specifically use Moore’s ART1
implementation [23]. Due to space constraints, the details
of ART1 architecture and algorithm cannot be included
here. The vigilance parameter ρ ∈ (0,1] determines the
level of abstraction at which ART discovers clusters.
Moreover, the minimal number of clusters present in the
data can be determined by minimal vigilance [24],
computed as ρmin < 1/N where N is the number of features
(words) used to represent a document. We chose a value
of ρmin = 0.0005 as the initial vigilance parameter and we
increment it until we find the best clustering quality. We
stop increasing vigilance when more than 200 clusters are
obtained because such a large number of clusters would
simply result in information overload for a user and
therefore not achieve the intended objective of text
clustering.
A binary vector-space [25] representation was created
for the Reuter ModApté test set. Only the test set was
clustered for compatibility reasons with TC results and
also because in unsupervised learning, one must assume
that a training set is unavailable. A standard stop word list
was used to remove frequent words and a simple feature
reduction by term selection based on term frequency was
applied to reduce the dimensionality of the original
documents feature space. This approach was judged very
effective for TC by [26].
IV.

by the domain experts who labeled the data (93).
Vigilance levels past 0.1 result in over 250 clusters, which
is not desirable for users as explained previously.
The results shown in Fig. 1 were obtained with a single
pass in the data. In reality, ART converges to a stable
representation after at most N-1 presentations of the data
[27]. By stable, it is meant that if the same document is
presented several times to the network, it should be
assigned to the same category, and presenting the same
inputs over and over should not change the cluster
prototype values. Unstable clusters are problematic since
an identical document submitted at different times may
end up in different clusters. Furthermore, we show in Fig.
2a that cluster quality increases after ART has stabilized.
Only 4 iterations were required to attain a stable
representation, which is much less than the theoretical
upper bound of N-1. However, in real world, high-volume
operations this could still be a problem as little idle time in
the system operation may be available to stabilize topics
representation.
We have processed the documents in their natural
order, i.e. the chronological order in which they have been
created and thus the order in which they would be
submitted to a classification system. This simulates the
real-world environment where there is no control over the
order in which documents are created. As with any on-line
clustering algorithm, ART gives different results
depending on the order of presentation of the data. This is
expected since clustering decisions are taken for each
sequentially submitted document, compared to batch
clustering that considers all data at once. We submitted
the data set in 15 different random orders to ART and
averaged clustering quality for each order. Fig. 2b shows
that other orders of presentation are much worse than the
natural, chronological order of the documents in Reuter.
This is encouraging because if quality was higher for other
orders of presentation, one would face the problem of
finding the best order among the very large number of
possibilities or design a way to combine results from
different orders. It is possible that other text collections
face this problem. Maybe it just happens that Reuter
natural order is simply compatible with the desired
solution, while in other cases this may not happen. After

EXPERIMENTAL RESULTS

We eliminated words that appear in 10, 20 40 and 60 or
less documents. In the first case, a total of 2282 term
features were retained while in the last only 466 were.
Our experiments indicated that less radical feature
selection not only increased the number of features and
consequently processing time, but also resulted in lower
quality clusters in some cases (Fig. 1). Best quality is
achieved at vigilance value of 0.05, with 106 clusters, a
number close to the expected number of topics specified
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Fig. 1. (a) More radical term selection (removing words appearing in 60 documents or less) results in better clustering quality in
some cases, (at vigilance 0.05), compared to removing terms appearing in only 20 documents or less. (b) More radical feature
selection also results in much smaller data set dimentionality which in turn allows for more rapid processing. (c) Vigilance 0.05
finds a number of cluster close to the expected number of 93. Vigilance of 0.1 creates too many clusters for users.
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Fig. 2. All results shown for vigilance 0.05. (a) Stabilization improves ART clustering quality. (b) Random orders of presentation
even when stabilized give much worse clusters than the natural order of the documents in Reuter. (c) ART clusters (in natural
order, stabilized) are of better quality than k-means( k = 93).

all, there are many ways to organize large text collections.
Some versions of ART use a similarity measure claimed to
make it less susceptible to order variations [28]. Our
initial experiments with [28] showed that document
vectors of small magnitude are unable to create enough
output activation to pass the vigilance test under the new
similarity measure, even with low values of vigilance.
Fig. 2c. shows that ART1 cluster quality clearly
exceeds the lower bound established by K-means.
However, clustering quality achieved by ART with
random orders of presentation is comparable to K-means.
This implies that if the natural order of presentation does
not correspond to the chosen organization of the data,
ART1 will not do better than K-means. We now compare
ART1 clustering quality to the upper bound expected for
cluster quality: the best TC results obtained with Support
Vector Machines (SVM) and k-Nearest Neighbors (kNN)
published in [21] (Fig. 3). ART1 achieves 51.2% of the
TC quality. Comparing to 16.3% level of quality for kmeans, the lower bound, ART1 does much better but is
still only about half-way to the optimal expected quality.
There is also a potential for lower quality with other orders
of presentation. We must however point out that the
solution we use to evaluate clusters is merely one among
many other useful ways to organize the text collection.
Hence, we merely evaluate the ability of ART to recover
the specified solution. A users study may better validate
the structure discovered by ART, but such studies are
costly and also subjective.
We also built a small program that simulates ART
cluster prototype updating behavior and attempts to assign
each document to its desired topic. We found that 2.2% of
documents could not be assigned to their designated topic.
Thus, even in the best conditions, perfect clustering is not
possible with ART1 with this data set in natural order
since right from the start about 2% quality is lost to the
order of presentation. This can be explained as follows: a
document is assigned to a topic if it has a sufficiently
number of overlapping features, as determined by the
vigilance parameter. Furthermore, over time as documents
are submitted to the network, the number of active features
in prototype vectors decreases, which makes matching a

document with its desired topic more unlikely. This is
caused by the prototype updating mechanism that
intersects documents assigned to a topic with that topic
prototype. So, in our simulation, if no feature of a
document overlap with the prototype for the document
desired topic, it means that the expected solution cannot be
satisfied with ART1 and with this order of presentation.
Better prototype updating may be required to improve
quality, such as [12], which used the union of a document
and its prototype features.
Finally, while conducting our experiments, we noticed
an interesting phenomenon: clusters do not necessarily
form at the specified level of abstraction. In other words,
ART sometimes discovers topics generalizing or
specializing desired topics. A generalization is a cluster
that includes two or more classes (a class being a group of
documents representing a desired topic). A specialization
on the other hand is a class that includes two or more
clusters. In a sense, such behavior can be expected from
clustering algorithms since they rely solely on similarity
among data items rather than on directions by a domain
expert. Fig. 4 shows a portion of the confusion table built
from the matches between clusters and classes to illustrate
generalizations and specializations. A match is the number
of documents a class and a cluster have in common. We
note from Fig. 4 that:
- cluster 0 is dominated by 169 documents from class
25 (topic earnings) out of a total of 1087 (16%)
documents expected to belong to that class;
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Fig. 3. ART1 clustering F1 with stabilization at vigilance 0.05 for
data in its natural order (ART1 Nat). For both TC methods (SVM
and k-NN), the micro-averaged F1 values is used for compatibility
with our F1pair measure.

V. CONCLUSIONS AND FUTURE WORK

Text clustering work conducted with ART up to now
has used many different forms of ART-based
architectures, as well as different and non-comparable text
collections and evaluation methods.
This situation
resulted in confusion as to the level of clustering quality
achievable with ART. As a first step towards resolving
this situation, we have tested a simple ART1 network
implementation and evaluated its text clustering quality on
the benchmark Reuter data set and with the standard F1
measure. K-means clustering quality was used as the
lower bound on quality while published results with
supervised TC were used as an upper bound on quality.
Our experiments have demonstrated that text clusters
formed by ART1 achieve 51% of TC upper bound and
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Hence, one can consider that clusters 0 and 1 actually
correspond to class 25 (earnings) with 910 of the 1087
documents, so topic earnings is specialized. Cluster 3
corresponds to classes 16 (acquisitions), class 0 (trade),
class 1 (grain), class 2 (crude), class 11 (shipping), and
class 18 (interest rate) for a total of 1106 of 1395
documents. So all these classes are generalized by cluster
3. Other class-cluster matches may be deemed to simply
lower generalization and specialization quality. We
designed a quality evaluation methodology that, contrary
to existing clustering evaluation measures, does not
penalize generalizations and specializations. For each
class, it looks for all clusters that match the class. This
allows for the discovery of specializations. Then, for each
of the matching cluster, it also looks for all matching class,
which accounts for generalizations. Extraneous documents
in the latter case are the clustering errors and a F1 value is
computed based on these errors. Fig. 5 shows quality
evaluation with this measure, which we call Sub-Graph
Dispersion (SGD) because a sub-graph is created for each
class when looking for matches. If one considers
generalizations and specializations of the expected
solution as acceptable, higher quality can be computed at
lower vigilance, but the quality of generalizations and
specialization decreases as vigilance increases. This
method of evaluation needs to be refined before final
conclusions on the true impact of learning at different
levels of abstraction on clustering quality can be drawn.
For instance, all matches are currently considered but
some negatively affect quality and should not be included
as being part of generalizations or specializations.

Fig. 4. A shortened version of the confusion table: computed
clusters 0-3 on rows and desired classes 0-25 on columns. The first
row shows the class number. Highlighted values indicate best match.
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cluster 1 is dominated by 741 documents from class
25 (earnings) out of a total possible of 1087 (68%);
cluster 3 is dominated by 598 documents from class
16 (acquisitions) out of a total possible of 719 (83%),
but there is also a strong presence from class 0 (trade),
class 1 (grain), class 2 (crude), class 11 (shipping) and
class 18 (interest rate).
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Fig. 5. Increased quality is computed by SGD at lower vigilance by not
penalizing generalizations and specializations. Stabilized results shown.

exceed the lower bound considerably. Consequently,
about half of the evidence needed to recover the expected
document organization solution is available directly from
the data under the form of inter-document similarity rather
than from costly and time consuming handcrafting of a
large labeled training data set. Whether this level of
quality is sufficient is a task specific question and
ultimately a matter of cost/quality trade-off: it is a choice
between
higher
quality
supervised
document
categorization obtained at high development and
maintenance cost versus lower quality clusters obtained at
basically no cost. At least we provide here a clear picture
of the quality aspect by establishing the baseline quality to
be expected with ART. Although ART clusters were of
medium quality, ART has the unique advantage of
proceeding entirely without human intervention, plus
offers the interesting properties of plasticity and stability.
Should novelty be detected by the network, a new topic
would automatically be created as part of normal system
operation. This contrasts with supervised TC, which
would require downtime for re-training and related human
intervention to prepare a new training set. Therefore,
despite lower quality, there may be some situations where
ART-based text clustering is a necessity. Furthermore,
clustering quality can be increased if one considers
discovery of topics at other levels of abstraction as
acceptable. Hence, an important area of future research is
to explore evaluation measures that do not penalize
specializations and generalizations.
Moreover, more
advanced
ART
architectures
with
non-binary
representation (such as ART2 [29], fuzzy ART [30],
MacLeod’s ART [12] and FOSART [31]) and better
feature selection may improve cluster quality. We are
currently investigating these avenues. As well, in the

Reuter collection, topics are not mutually exclusive, while
ART1 clustering is. ART-based soft clustering such as
with KMART [17] will be explored as yet another possible
way to improve clustering. We are also exploring issues
related to lower quality with other orders of presentation
and the impact of time requirements for stabilization in a
real-life environment.
Comparison with other clustering methods has not
been our objective. We rather focused on establishing the
level of quality achieved by ART within the range defined
by a lower and an upper bound. We believe this gives a
better appreciation of the level of quality by setting it in a
wider framework. Some investigators have evaluated
clustering quality with other algorithms on Reuter-21578
and with the F1 measure, but have used non-standard splits
[7, 32]. So our results cannot be compared directly with
theirs. We plan to eventually evaluate other clustering
methodologies to compare their clustering quality to
ART’s. As well, testing on other text collections is needed
to verify if quality results apply to document sets
displaying various characteristics.
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