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1 Intro duction

A web portal is a set of HTML documerts that comprise a tree rooted at the portal entry site; the leaves
are links to other websites. Each node within the tree represens a cluster of documerts, decreasingin
generality as one descendsdown the tree. Portals are useful for organizing and enabling usersto seard
large repositories of documerts, either certralized or distributed. Whereasseard enginesrequire the user
to specify seard criteria, typically askey words, to seard an opaquedocumert bank, a portal visualizesthe
documernt bank and can be particularly useful if the query is not amenableto represertation by key words.

Popular portals, such as those hosted by AltaVista, Google, Yahoo, and dmoz.org, are created by hand.
For example, the Open Directory Project at dmoz.org enlists volunteers to managessubtopics. In con-
trast, EMU is an automated systemthat usesstatistical NLP and unsupervised machine learning techniques
to generatea web portal. While the quality of the portal must certainly su er, lessfrequerted documert
repositories and Usenetsmay benet from an automated system. Additionally , EMU is practical for gener-
ating daily navigators of newspagers, internal documerts of a compary, and other dynamic documert banks.
Many companies,for example, provide employeeswith daily or weekly summariesof domain-speci ¢ peri-
odicals relating to the compary's business;EMU would provide a practical alternativ e. Finally, hierarchical
clustering can sere as a preprocessingstep for fast online clustering usedin documert retrieval and user
queries.

Previous work has used hierarchical clustering for navigational purposes. Scatter/Gather [3] usesa
clustering approach to summarizea set of documerts; however, they adapt an interactive approac with the
user. A typical sessionconsistsof (at) clustering a set of documerts and labeling the clusters, allowing
the chooserto selecta cluster to explore, and repeating the processon the new cluster. This corresponds
directly to the EMU interface of selecting superclustersto explore in more depth, although the interactive
approad allows the systemto take advantage of fast non-hierarchical clustering algorithms. EMU, however,
runs only onceto generatea summary; hence,it is appropriate for generating summariesthat many people
will read via the web.

This report is organized as follows. In Section 2, we presert an overview of the EMU system, while
in Section 3, we consider EMU's documert represenation and learning algorithms. Section 4 presers our
testing techniques; we also evaluate our results on a test set. Finally, Section 5 concludeswith ideas for
applications and future work.

2 Overview of the System

The primary goal of EMU is to extract from a set of documerts a portal that is clustered and labeled well
enoughto allow the userto browsethe documerts e cien tly. We implemerted the portal generator as a
seriesof processingsteps parameterized by criterion and metric functions, and tested permutations of the
functions (seex4). The stagesroughly correspond to gathering documerts and translating the documents
into a word-by-documert matrix (x3.1), analyzing the matrix to produce a binary dendrogram (x3.2, x3.3,
x3.4), and cornverting the dendrogramto a portal (x3.5).

The preprocessingstagerelies on seweral assumptionsabout language:



documerts discussone subject;

a documert's useof aword is consistert (one senseper discurse constraint [13]); we rely on a stronger

assumption: only one senseof a stem that appearsin seweral words is usedin a documert;

loss of capital letters and removal of symbols, including numbers, does not obscure meaning in a

bag-of-words technique.

The analysis stage assumesthat topics have an assaiated set of words often usedin discussions. In tests
without Itering, symbols and numbersoften appearedonly once;words that appear only onceor twice were
already being removed for computational reasons.The stem assumption may be too strong in somedomains;
however, in our model, we look for words that discriminate between meanings, which seemto satisfy this
assumption. On a larger scale,con ating dissimilar words may adverselya ect the analysis stage, although
the benet of con ating similar words seemsto more than make up for this error [5]. Finally, the existence

of setsof topical words is suggestedby our results.

2.1 Summary of the Code

The following table summarizesthe program les corresponding to ead phaseof portal generation. This

chart is meart to be a referencewhile reading x3.

Prepro cessing
silly _bot.py

doc_stats.py

ace_stats.py
porter.py
doc_to _-mat.m
tf _idf.m

Clustering
Isi.m

mds.m
mdsmex.g

and mdsmat.m
buhc.m

buhc_dist.m
buhc_vis.m
buhc_write.m

Portal
buhc_process.py
Evaluation

buhc_valid.m

buhc_coph.m

Retrieves websites starting at specied domain, Iters HTML tags and scripts,
and writes to a documert le. Optionally treats ead page or tree of pagesas
a documert.

Readsdocumerts retrieved by silly _bot.py , Iters words, and producesword-by-
documert matrix.

Subclassof doc_stats.py . Readsace documerts.

Vivake Gupta's implemertation of Porter's algorithm.

Translates*.docspc le containing word-by-documert matrix into a Matlab matrix.

Accepts (Matlab) word-by-documert matrix and tf.idf  speci cations. Produces
weighted matrix.

Reduces dimensionality of term-by-documernt space while emphasizing co-
occurrence.
Metric multidimensional scalingimplementation for dimensionality reduction.

Bottom-up (agglomerative) hierarchical clustering. The available clustering criteria
are 'ncos’, 'avg', 'min', and 'max, where the latter two correspond to single- and
complete-linkage, respectively. 'dice ', 'jaccard ', normalized cosine,and Euclidean
distance (the latter two are defaults) are the available distance metrics.

Computes the distance matrices for the buhc* procedures.

Producesa dendrogram from the buhc.m clustering.

Writes the clustering to le for future processing.

Reads le produced by clustering algorithm and writes a portal into a given direc-
tory. The root is at <dir>/p ortal.html.

Determines whether the data and corresponding feature spacerepreseration are
amenableto clustering.
Computes the copheneticcorrelation coe cien t for a clustering.



The following is an example generation of a portal:
> python silly _bot.py -url <root> -tree 2
> python doc_stats.py -in emu.docs -out whd
Matlab:  [X,docs,words] = doc_to _mat(‘'wbd.docspc'’)
Matlab:  Optionally, apply LSI (seex3.2).
Matlab: C = buhc(X,'avg',0,0 )
Matlab:  buhc_write(‘'c.out',C,d ocs)
> python buhc_process.py c.out whbd.docspc whd.trnslit /WWW/portal

3 Algorithms

3.1 Prepro cessing
3.1.1 Building a Word-b y-Do cument Matrix

The preprocessingstage acceptsa set of documerts and producesa word-by-document matrix, asdescribed
in x8.5.1 of [8]. Elemert e; indicates the number of times that ( ltered) word t; appearsin documert d;;
this represeration is useful for further weighting (seex3.1.2).

The rst stepis the parsing of the documerts. In the caseof a prepared corpus, the corpusis neatly split
into documerts using corpus-sgeci ¢ tags (e.g, the <subsection> tag in ace); however, parsing webpages
is considerablymore di cult. Two complications arise: rst, the de nition of a documert is unclear; second,
the relevant text on an HTML pageis obscuredby the HTML itself. While the latter problem is satisfactorily
solved with regular expressionsthe rst requiresa more complexapproac. One possibility is the TextTiling
algorithm, which seartesfor topic shifts in a text; theseshifts de ne the boundariesof extracted documerts
[8]. First, the text is segmened into sequenceof terms (perhaps multiple sertences); then the cohesion
smre measuresthe cohesionbetweentwo sequencegat a gap), while the depth smre measuresthe cohesion
relative to surrounding cohesionscores. A boundary seletor usesthe depth scoreto determine segmetts.
However, becausehe ace corpusthat we usedprovided short articles that concertrated on onesubject, while
(web) portals usually provide links to home pages,we chosea di erent description of a (web) documernt.
Speci cally, a documert is a root page and all referencedpagescontained in the samedirectory or sub-
directory. Referencego other pagesprovide new roots of documerts.

After determining the documert boundaries, eat documert is parsed. Words are ltered as follows:

all tokensare corverted to lowercase;

symbols within tokensare corverted to whitespace,splitting the token;
numbers are removed,;

tokensare stemmedwith the Porter algorithm, producing the nal word.

This setof Iters is common (see[5] for an example). The Porter algorithm is an automatic stemmerwidely
used for information retrieval [10]. Stemmers map words with su xes to their stems (or some kernel of
the word); for example, geneglizations is converted to gener through stagesgenealization, genealize, and
geneal. Clearly, the result doesnot needto be a word, aslong asall words with the samestemsare con ated
to the samekernel. The algorithm consistsof v e stagesof rules of the form

(condition) S1) S2;

wheresu x Slis replacedwith sux S2 when condition condition holds. Conditions include constraints on
stem length and inclusion of vowels and consonarts in the stem. A mapping of stemsto particular instances
is maintained for later usein constructing cluster headings.

The Itered words are inserted into an array of dictionaries corresponding to documerts, as well as a
global dictionary. Both levels of dictionaries store word courts; these counts enable further ltering after
the documerts have beenparsed:



words that appear in some (large) proportion of documerts are removed; these words cannot aid in
discriminating meanings;

words that appearin lessthan somenumber of documerts are remaoved; many words appear only once
or twice (Zipf's Law);

words occurring in a stoplist are removed.

A stoplist is a set of words that are either used frequertly or provide no useful information. In addition
to decreasingcomputation time, the rst and second ltering steps give a very rough approximation to
non-monotonic weighting, giving middle-frequency words, which may have the greatest\resolving power,"
the greatestweight [5]. Finally, the word-by-documert matrix is constructed over the remaining words.

3.1.2 Weighting the Matrix

The nal (optional) stage of preprocessingconsistsof substituting non-linear (but still monotonic) weights
in the word-by-documert matrix. The tf.idf weighting scheme provides a useful set of formulae ([5], [8]):

| Term occurrence | Documert frequency |  Normalization |

n tf g n o n (no normalization)
1

| 1+ log(tfyg) |t log(F-) c now?2 2

. 0:5 tfy
a_ 05+ max(ra
where X
thy = & anddy = &j

i
in the word-by-documert matrix. Constructing a weight simply requires choosinga combination of options;
Inn, for example, describes

(1+ log(tfg)) oy,

where we add the extra condition that if tf ¢ = O, the result is 0. Seex4 for an empirical comparisonof some
possibleweights.

3.2 Latent Semantic Indexing

Latent Semartic Indexing (LSI) applies Singular Value Decomposition (SVD) to a word-by-documert matrix
(possibly weighted by a tf.idf formula), thus nding its optimal projection onto a lower-dimension space
[8]. For the decomposition of the word-by-documenrt matrix Ay (for n = min(t; d)):

Atd = Ttn Smn Dgn;

the LS| module returns the matrix
Skn Dk

for somek < n. Choosing k sothat sy >> sy.; producesa matrix that explains most of the data and
whoserank, consequetly is approximately the rank of the original space.However, the transformed feature
vectors may corntain information implying co-occurrencerelationships that were not evidert in the original
feature space. Hence,the dimensionality reduction has a linguistic foundation.

3.3 Multidimensional  Scaling

Multidimensional Scaling (MDS) provides another meansof reducing the dimensionality of the data while
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Figure 1: Example of metric multidimensional scaling. (a) Original, 3-dimensional spiral. (b) Two-
dimensional mapping resulting from MDS.

of the image spacey have distancescloseto their corresponding distancesin x, using these sum-of-squared
error criterion functions:
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Jee attempts to presene relative distances, so it is insensitive to large di erences in absolute distances
betweenpoints in x and points in y. J¢¢, however, is acutely sensitive to absolute di erences, while J¢ , a
hybrid of the two approaches,is not overly sensitive. Since our application attempts to nd clustersin the
data, which does not require the presenation of absolute distances, Jee and Je; provide the most robust
performance. Given an initial setting|p erhapsrandom or constructed from coordinates along the axeswith
the greatestvariance|MDS executesgradient descem using the corresponding gradient functions.

Fig. 1 provides an example of metric MDS's behavior, derived from [4]. In practice, our implemertation
has provento be numerically unstable for large matrices; given the time constraints, we were unable to solve
this problem su cien tly such that the routines could yield adequateresults.

3.4 Agglomerativ e Hierarc hical Clustering

The general problem of documert clustering and querying is addressedin the literature of the Information
Retrieval community. The text [11] providesa foundation for the problem, de ning the Cluster Hypothesisin
query retrieval terms, namely that \closely assaiated documerts tend to be relevant to the samerequests.”
That is, given a query and a documert that is relevant to the query, it is likely that similar documerts
are alsorelevant. The measureof tness of this hypothesisto a documert collection can be determined by
computing the similarities between all pairs of relevant documerts and all pairs sudc that one documert
is relevant but the other is not. Over many queries, it is hypothesizedthat the relative frequency of large
relevant-relevant similarities exceedsthat of the relevant-nonrelevant similarities. Implicit in this argumert
is the quality of the document description, or in machine learning terms, the feature vector.



BUHC (X ,dist,criter ion)
Input: X is the feature matrix.
dist is a distance metric.
criter ion is a clustering criterion.
Output: A hierarchical clustering C.
Compute the distance matrix D accordingto dist.
for iter ation := 1to length(X) 1
Choosethe nearestclusters accordingto criter ion, say C; and C; .
Merge C; and C; into C;.
Recomputerow and columni of D.
Exciserow and columnj from D.
return C

Figure 2: General agglomerative hierarchical clustering algorithm.

Clustering as a statistical technique is widely treated in the literature of seweral disciplines, ranging from
taxonomy applications in biology to machine learning in Al [12]. Determining optimal clustersis an NP-hard
problem, for the optimal solution under a criterion function is an Integer Programming problem [4]. Thus,
heuristic techniques are necessary Se\eral clustering algorithms, both hierarchical and at, are natural in
the domain of information retrieval. Willett [12] provides a review of hierarchical techniques, as well as
evaluation methods. First, agglomeative is preferred to divisive clustering; whereasthe former produces
polythetic classi cations, where eac documert in a cluster has one or more terms in common with ead of
the other documerts in the cluster, but no oneterm is necessaryfor membership, the latter approac often
producesmonothetic classi cations, in which all the members of a cluster must possess certain set of terms.

Next, seweral clustering criteria exist. It is noteworthy that many of them, in concertwith agglomerative
algorithms, do not explicitly attempt to extremize a criterion function, although iterativ e re nement is
possible[4]. Let C; and C; be two clusters. Then the following criteria are used[4]:

dmin (Ci;Cj) = mianCi:XOZCj JJX X(ﬁj
Omax (Ci; Cj) = maXxac;xo2 C%]X X%
davg(Ci; Gj) S - * %
avg i U = e X XY
ICi 1G] x2C; x02C;

The rst two criteria produce single-linkage and complete-linkage algorithms, respectively, and have many
graph-theoretic properties [4], [6]. In addition, the normalized cosinemetric is useful and provides an O(n?)
algorithm [8], rather than the typical O(n®). In this case,the feature vectors must be normalized. Finally,
for single- and complete-linkage, the Dice and Jaccard coe cien ts [8], [12] are often used:

. 2IX\ Y]
dice —_—_—
IXJ+ Y]
. XN Y
accard = =+
: X[ Y]

where X and Y are feature vectors for two documerts.

Our implementation of hierarchical clustering o ers the foregoing cluster and distance metrics. All
similarity metrics are converted to distancesfor cortin uity of implementation. The algorithm is summarized
in Fig. 2.

The resulting clusters are displayed in dendrograms. Fig. 3 displays seweral dendrograms produced by
buhc_vis.m for random data.

3.5 Extracting a Portal

The output of the clustering algorithm is not the end of the story. Two more stepsare necessaryto produce
a portal: rst, the clusters must be determined since hierarchical clustering producesa full dendrogram;
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Figure 3: Example of hierarchical clustering and the resulting dendrograms. The data are 15 uniformly
random points in 2-dimensional feature space. The dendrograms are formed using various criteria and
distance metrics. (a) Original data. (b) Cluster average. (c) Single linkage. (d) Complete linkage. (e)
Normalized cosine(the data were normalied).



second,the clusters must be given labels.

Determining a reasonableset of clusters can be accomplishedusing seeral approaches. Stork (from [4])
suggestedin lecture to include all subnodes of a node for which the di erence in similarity between itself
and its parert is greatest along the path from the root. If the di erence is signi cantly greater than other
di erences, then this suggestsa \natural" cluster. A simpler method is to stop clustering whenthe similarity
is greater than some prechosenvalue. Since our goal is twofold (choose both the number of clusters and
merge supernodesto create non-binary supergroups), we chosea hybrid of the two: a binary node is merged
with its parert if the di erence betweenits similarity measureand its parert's is lessthan somevalue that
may depend on depth. If the small di erence is signi cant, then it may suggesta \natural* cluster (or
super-cluster, if the mergeis high in the dendrogram).

Oncethe clusters are determined, compact and informativ e labels are assigned.[3] suggestsusing topical
terms to describethe clustersaspart of their cluster digest Essettially, the terms with the highestweights are
chosen. Since we describe not only clusters of documerts, but clusters of clusters, weights that emphasize
term frequency or documernt frequency lead to labels that are in uenced by sub-cluster size. Hence, we
deweloped the following weighting schemes. First, we can simply let the weight of a term at a cluster C,
weight(t; C), equal the number of sub-clustersof C that contain documerts containing the term t. Then
words that appear in all sub-clustersreceive the highest weight; words that appear with high frequency
but in only somesub-clustersreceiwe lessweight. Additionally , terms that appear mostly in the documerts
cortained in C should be preferred to terms that appear both in documerts in C and elsewheretherefore,
we can augmert the weight:

e - p weight(t; C) :
weight{t; C) " 1+ jdocgt) docs: (t)j

wheredocqt) is the number of documerts in which t appears,and docs: (t) is the number of documerts in C
in which t appears. Theseweights seemto lead to descriptionsthat capture all documerts (or sub-clusters)
of a cluster.

4 Results

4.1 Review of Metho ds

Cormack polemicizesthe widespreadpractice of \often irrelevantly and unjusti ably" clustering data; more-
over, \the growing tendency to regard numerical taxonomy as a satisfactory alternativ e to clear thinking is
condemned”[1]. Yet Van Rijsbergenobsenesthat evaluating the validity of a clustering procedure or its
output is often a dicult and ad hoc craft [11]. This motivates an attempt to evaluate quartitativ ely the
validity of our results, groundedon a rm theoretical foundation. In our analysis of our results, we employ
a two-tier system of validating our hierarchies. First, we usethe statistics basedon the theory of random
graphs [7] to determine whether the initial data lend themselesto clustering at a statistically signi cant
level. Second,we determine the distortion of the clustered output relative to the input. Let us review the
techniques.

4.1.1 Testing the Clustering Hyp othesis

Ling et al. [7] provide statistics P, basedon the theory of random graphs. Let G, be the set of all
undirected graphswith n nodesand v edges.Then a random graph G 2 G,., has probability

0 1
n
@ 2 A
n
sincethere are
n
2



waysto choosetwo nodes,and then from this result, one choosesv edges.Now, to evaluate whether n elemeris
to be clustered contain natural clusters, we can determine the rst v for which the graph represerting the
elemerns becomesconnected. v is obtained as follows. Compute the n  n similarity matrix S over the
elemerns. Determine the single-linkage clusters for a threshold t; with increasingt, fewer clusters emerge.
The minimum t for which the graph is connectedcorrespondsto the desiredv. Having obtained this v, we
wish to determine whether it is greaterthan what one expectson a random graph at a statistically signi cant
level. Intuitiv ely, if a set of elemens contains natural clusters, then we expect v to be quite high, sincea
connectedgraph corresponds to a single (and hence,unnatural) cluster. Thus, we require the probability
that a random graph becomesconnectedat V. v, denoted P,,, = P(V  vjn). Ling et al. provide the
following exact solution to Py :

Pn;v = P(V V) = O—]-_C:];V ;
@ 2 A
n
forv=n 1;:::; n , and
2
0 1 0 p 1
n X i I i Nk
Chv = @ 2 A ( il) OQi T |@ k=1 2 A,
n i=2 j=1 N v

where °sumsover all positive integral solutions to P k=1 Nk =N,

Ling et al. computed P, for n 100, providing a table summarizing their results. To usethe table,
one determines v for input data, comparesit with the table's value for random graphs, and accepts the
clustering hypothesisat the p level of signi cance, wherep is the indicated table value. In summary, Ling et
al.'s technique allows oneto determine whether the input data contain natural clusters, and hencewhether
clustering is a valid analysistechnique for the data.

4.1.2 Testing the Validit y of the Clustering

The secondpart of the evaluation processevaluatesthe degreeto which the obtained clustering respectsthe
similarities in the original data. A member of the classof such techniquesis called a distortion measure [12].

We adopt the commonly used cophenetic correlation coe cient , which is computed as follows [1]. Adopting

Cormadk's notation, let sj s; be the similarity betweenelemerts i and j in the original data and after
clustering, respectively, where s; is similarity at the rst node of the hierarchy at which elemens i and j

becomemenbers of the samecluster. Let sj and s; be the meansof the respective similarity measures.
Then the copheneticcorrelation coe cien t Ceopn is de ned as

g (S SIS S;)

2
g (S s (s 55)?

Ccoph = &+ 2 [0;1]:

A value closeto 1.0indicates a valid clustering.

4.2 Analysis of Results

We usea subsetof the the Ace corpus(ICAME/ace) to test our method. While weinitially intendedto collect
a corpus of web documerts via a \b ot," we discoveredthat the quality of the corpussu ers considerably

First, we apply the statistics of Ling et al. to the data and the corresponding feature vector represenation
to validate the cluster hypothesis. The algorithm is implemented in buhc_valid.m and works as follows.
Sort the computed distance matrix for the data. Step through the sorted distances, setting the threshold
t, until the induced graph is connected. We use a disjoint set structure, which is easily queried for graph
connectednesg?2].



Cophenetic
Distance | Clustering LSI Correlation
Metric Criterion Dimensions | tf.idf Coecient
1 Euc Avg - - 0.9761
2 Euc Min - - 0.9731
3 Euc Max - - 0.9654
4 Euc Avg 150 - 0.9761
5 Euc Avg 140 - 0.9748
6 Euc Avg 130 - 0.9740
7 Euc Avg 120 - 0.9734
8 Euc Avg 110 - 0.9734
9 Euc Avg 100 - 0.9743
10 Ncos Ncos - Itc 0.9567
11 Ncos Ncos 100 Itc 0.8222
12 Euc Avg - Itn 0.9571
13 Euc Avg - atn 0.9543
14 Dice Min - - 0.9123
15 Dice Max - - 0.9013
16 Jac Min - - 0.9714
17 Jac Max - - 0.9685
Figure 4:

Since Ling et al. provide statistics for graphs containing at most one hundred nodes, we restrict the
validation test to one hundred documenrts. Our represenation is Euclidean distance over the term-by-
document matrix. For the 99-documert set we use, we obtain 4743 edges(note that %98(98 1) = 4753
is the greatest number of edgesa 99-node graph can have without being connected), which is signi cantly
greater than the 385 reported at the 0:99 level of signi cance. Ling et al.'s method is highly sensitive to
outliers, that is, points in the data that are at a great distance from the main body of the data. In this case,
the graph necessarilypecomesalmost fully connectedbeforeactually being connected. Thus, we perform the
ad hoc test of lowering the threshold of connectednesgo, say, 90% connected. This yields 3184edges,which
is still signi cantly greater than the reported statistic, but at least somewhatfurther from the maximum
possible(%88(88 1) = 3916). We concludethat the Ace test data and their corresponding represenation
is amenableto cluster analysis and supports the cluster hypothesis.

Next, we perform a seriesof clusterings, using di eren t similarit y metrics and clustering criteria. For this,
we useda corpusof 150documerts, again from the Ace repository. Table 4 preseris the various permutations
of parameters tested, as well as the cophenetic correlation coe cien ts for ead clustering relative to the
corresponding represertation of the documerts. Fig. 5 displays seweral of the resulting dendrograms.

Over all, the cophenetic correlation coe cien ts are quite high, indicating that the clustering method
respects the original distance matrix. LSI did not signi cantly boost the score. Interestingly, the lowest-
scoring parameterization yields the best qualitativ e clustering (x 4.3). Howevwer, this has support in the
literature; Willett statesthat \distortion of the similarity matrix is not necessarilyto be avoided...aclustering
method should attempt to identify groupings that are more intense than those presen in the similarity
matrix" [12]. Thus, while the coe cien ts give us somecon dence about the validity of the clustering, they
do not provide as much information aswe would like.

The dendrogramssupport the assertionthat the lowest-scoringparameterization yields the best qualita-
tiv e clustering. Whereasparts (a){(e) display dendrogramsthat provided perceptually insigni cant clusters,
(f), which correspondsto row 11 of the table, displays aggressie clustering.

Other quartitativ e measuresof goodnessof t exist. Duda et al. and Cormack suggesta hypothesistest
whereby the signi cance of, say ¢+ 1 clusters is tested against the null hypothesis of ¢ clusters. While an
exhaustive test of the clusters induced by a hierarchical cluster is perhapsimpractical, tests of signi cance
of the best clusters derived from the dendrogram may be helpful.

Quantitativ ely comparing clusterings is possibleby comparing the cophenetic correlation coe cien ts, as

10
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we have done. Howewer, a more interesting and subtle question is whether a clustering adequately matches
the linguistic data; that is, whether a clustering matches what we perceive to be the semaric clustersin

the document database. While we did not have the time to prepare the scripts necessaryto test this, the
following proceduremay be useful for future consideration. Extract the dendrogramimplied by a web portal

such as hosted by AltaVista, Yahoo, or Google. Determine the induced distance matrix, asdonein buhc.m.

Compute a clustering from the represeried web documerts by one of the foregoingtechniquesand determine
the induced distance matrix. Sincethe induced distance matrix of the web portal is a metric [6], we cantreat

it asthe distance matrix of the underlying data that producedour clustering. Consequetly, the cophenetic
correlation coe cien t producedby the two distance matrices is meaningful, and its value indicates the degree
to which our clustering matchesthe portal's implied clustering. Insofar as the web portal is the \desired"

clustering, this measuresthe succesof the automated clustering technique.

4.3 The Portal

The portal at http://www.stanfo  rd. edu/ arbrad/portal/po rta I. html navigatesthe documerts in /ICAME/ace/ace a.txt
which is a collection of newspayer articles on a broad range of subjects. It was generatedusing the ltc

tf.idf  weighting scheme, projecting the resulting matrix onto 100 dimensionswith LSI, and then applying

hierarchical clustering with the ncos metric. Someof the resulting clusters are intuitiv e; for example,

\crashed ride injured seatspaci ¢ quickly treated doctors above badly" labelsa cluster of articles about
strange acciderts (\ferry mishap," injury on\fun park ride," a\plunge" o a \high way");

\fallen passengersigh ts airline pilot technical aviation fully apple fare" headsa cluster relating to
airlines;

\ gh ter fought ned glovesheavyweight amateur ring hell sparring recalled" labels a cluster of boxing
articles;

\windo w boy rivers metres disappearancedied m fell medication friend" describesa large set of articles
about tragediesmainly involving children.

Unfortunately, the portal also cortains seweral large clusters of random articles that do not closely match
any other article. These clusters appeared with ewvery parameterization that we tried. Nevertheless, we
feelthat seweral large clusters of unrelated documerts is a better result than many small clusters of related
documerts with excessie noise,which a more sensitive node-merging phaseproduces.

5 Conclusion

We have demonstrated EMU, a system for hierarchically clustering a documert bank without supervision.
We have assertedthat the Clustering Hypothesis holds for natural language documerts represened by
term-by-documert matrices and their transformations by LSI and tf.idf , which is supported by the rst
of our two-tier ewvaluation system. Moreover, the computed clusterings are valid according to the often-
useddistortion measure,the copheneticcorrelation coe cien t. Finally, we have obsened qualitativ ely valid
clusteringsin the generatedportals.

Sewral challenges motivate future researt. First, the represenation of documerts desenes greater
attention. While the term-by-documert represeration (and its transformations) yields valid results, there
may be other, more sophisticated features, such as hyperlinks, that yields more relevant clusters. Second,
evaluation of the hierarchical clustersis an open problem that is not adequately addressedin the literature.
Third, represening clusters, for example by most frequert words in the clustered documerts, desenes
considerableattention, for this directly a ects the opacity (or more optimistically, the transparency) of the
documernt bank. Finally, supervised methods may apply in certain instances. For example, given a hand-
built portal, perhapsthere are techniquesfor identifying the underlying criteria and thereby automatically
elaborating the portal.
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