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Abstract

With the increase in information on the World Wide Web it
has become difficult to quickly find desired information with-
out using multiple queries or using a topic-specific search en-
gine. One way to help in the search is by grouping HTML
pages together that appear in some way to berelated. In order
to better understand thistask, we performed an initial study of
human clustering of web pages, in the hope that it would pro-
vide some insight into the difficulty of automating this task.
Our results show that subjects did not cluster identicaly; in
fact, on average, any two subjects had little similarity in their
web-page clusters. We aso found that subjects generally cre-
ated rather small clusters, and those with accessonly to URLs
created fewer clustersthan those with accessto the full text of
each web page. Generally the overlap of documents between
clusters for any given subject increased when given the full
text, as did the percentage of documents clustered. When an-
alyzing individua subjects, we found that each had different
behavior across queries, both in termsof overlap, size of clus-
ters, and number of clusters. These results provide a sober-
ing note on any quest for a single clearly correct clustering
method for web pages.

I ntroduction

Web pages are diverse, with an enormous number of ill-
structured and uncoordinated data sources and a wide range
of content, formats, ages, and authorships. New pages are
being generated at such aratethat no individual or organiza-
tion is capable of keeping track of al of them, let alone or-
ganizing them and presenting adequate tools for managing,
mani pulating, and accessing such information. For example,
consider the last time you used a search engine. How many
links to web pages did it produce? How many pages of sug-
gested links did you have to go through before finding what
you wanted (if you did at all)? How many of the links you
tried were unrelated to the topic of interest?

There is awide range of approachesthat have been taken
to help people access and manipulate collections of on-line
documents. Conventional document retrieval systemsreturn
a(usually long) list of ranked documentsbased on ameasure
of each document’s similarity to the original query (Salton
1989). Some work with general queries and general web-
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pages (Mauldin 1995), while others are tailored to more fo-
cused tasks (Shakes, Langheinrich, & Etzioni 1997). A sec-
ond class of tools providegraphical meansfor accessing data
based, for example, on inter-document similarity (Chalmers
& Chitson 1992; Thompson & Croft 1989; Fowler, Fowler,
& Wilson 1991), relationships to fixed attributes (Spoerri
1993; Korfhage 1991), and query term distribution patterns
(Hearst 1995). A third approachisto cluster the collection of
documents. For example, hierarchical agglomerative clus-
tering (HAC) (Willet 1988) finds cluster centroids and clus-
ters based on similarity to those centroids. A recent HAC-
based method, Word-Intersection Clustering (Zamir et al.
1997), clusters based on phrases and allows for overlapping
clusters. Another interactive approach, Scatter/Gather (Cut-
ting et al. 1992; Cutting, Karger, & Pederson 1993), lets
the user navigate through the retrieved results and dynami-
cally clusters based on this navigation. A K-means method
(Wulfekuhler & Punch 1997) is used to cluster documents
and find important words for each of those clusters.
Recently, we have been considering automated methods
for clustering related web pages to simplify access to web-
based information. To restrict ourselves to pages that are
likely to be related, we have concentrated our effort on web
pages returned from a query to a search engine. Our results
so far have not been encouraging, and so we must consider
the question: Is it possible to meaningfully and effectively
cluster web pages? Central to clustering methods aretwo as-
sumptions; first that there are a set of coherent groups into
which documents can be clustered, and second that there ex-
ist meaningful ways to cluster these document sets into co-
herent groups. It is these assumptions that we investigate in
this paper. To this end we asked a group of subjectsto clus-
ter, by hand, the documents returned as the result of queries
givenaweb search engine. Thispaper detailsthe experimen-
tal process, presents our analysis of this initial survey, and
raisesissues regarding what it meansto cluster in general .

Data

Our experiments study how humans cluster collections
of web pages returned from a web search engine. The
ten subjects who participated in this study are mem-

Further details and results are avail able e sewhere (M acskassy
et al. 1998)



Appearsin the Fourth International Conference on Knowledge Discovery and Data Mining, 1998 (K DD-98). 2

bers of the Rutgers Machine Learning Research Group
— nine graduate students (including the first and third
authors of this paper) and one faculty member (the
fourth author of this paper). The search engine we
used was the Rutgers webWatcher web search facility
(http:/webwatcher.rutgers.edu), which indexes al pages at
Rutgers University that are reachable by following links
from the main Rutgers web page. This search engine was
chosen for its inherent focus on Rutgers-specific informa-
tion in the belief that by drawing on a narrower source of
documents, there would be a greater likelihood of forming
coherent clusters, as well as to exploit the background
knowledge that all subjects had about Rutgers that could be
brought to bear upon the clustering task.

Each subject was given the results of five queriesto clus-
ter. Thesefive represent the most frequent queriesinvolving
digoint sets of terms that were asked by users of the search
engine as of 7 January 1998. The five queries were: “ac-
counting”, “career services’, “employment”, “library”, and
“off campus housing”, with 15, 16, 16, 11 and 10 returned
web links, respectively. To determine how important the ac-
tual text of the document was, for each query four subjects
were given the complete text as well asthe URLs and titles
(when available) for each web link returned, while the other
six subjectsweregiven only the URL sandtitles (again, when
available). Subjectswere assigned to queries randomly with
the sole restriction that each subject have access to the full
text of each document for at least one query and have at least
one query with access to only the URL and title of each re-
turned web link. Subjectsweretold to cluster the documents
to thebest of their ability and report for each query their clus-
ters on aform provided them. The form had five spaces to
report clusters on, but we specified that additional clusters
were acceptable. We also specified that overlapping clusters
were acceptable but not required. There was no time limit
set on how long the subjects could spend on clustering the
documents. Subjects spent between approximately 45 and
90 minutesto complete the entire task.

Duringour initial analysis of the dataand post-experiment
interviewswith subjects, we found that some subjects placed
in singleton clusters any document that they believed did not
fit any of the other clusters, whereas other subjects had sim-
ply disregarded any such documents (and no subject who
created singleton clusters created one for a document that
also appeared in anon-singleton cluster). To addressthisis-
sue we deleted al singleton clusters from each subject’s re-
sults.

Results

Based on theresultsof the survey, we attempted to determine
the degree of agreement between subjects and the extent to
whichthe presence of the entiretext affected the clusters. We
alsolooked at the sizes of the clusters, the number of clusters,
and the overlap between clusters. The latter would indicate
whether it is appropriate to have digoint clusters, asis often
performed, or whether a more complex scheme of overlap-
ping clustersis more appropriate. The questions we consid-
ered were;

1. How bigwerethe generated clusters? Wasthereacorrela-
tion between the size of the clusters and the total number
of documents? Weretherediscerniblepatternsfor individ-
ual subjects?

2. How similar werethe generated clusters? Was there a pat-
tern to the amount of agreement as we looked at bigger
(sub)clusters?

3. How much overlap did subjects have between their clus-
ters? In general was there a pattern to the amount of over-
lap for any one query or subject?

4. How many clusterswere generated? Wasthisthe samefor

all subjects? Did it depend on the number of documentsor
the subject?

We paid particular attention to how any of these results
changed across subjects who had accessto the full document
and those that did not.

Cluster Size

Thefirst issue we study iswhat size clustersthe subjectstend
to form. For example, were bigger clusters preferred over
smaller ones or vice versa? Furthermore, did access to the
completetext affect such preferences substantially? Finally,
were such preferences universal or subject specific?

To address these questions we first compared the size of
clustersfor thefull set of queriesacrossall subjectswho had
access to the text to the size for those subjects who did not,
and found little difference. Computing means and medians,
we found that in both groups of subjects (those with access
to the text and those without), the average cluster size was
29.5% of the overall number of documents. Themean cluster
size(in absoluteterms) wasfoundto be 4.0 (withthe average
number of documentsper query being 13.6). A final interest-
ing observation was that most subjects preferred to keep the
average size of their largest clusters close to 50% of the size
of the entire document set.

However, looking at individual subjectswe found that the
range of sizes varied greatly both within and across queries.
Table 1 depicts the absolute and proportional (with respect
to the number of documents) range of cluster-size valuesfor
each subject. As aresult, we conclude that thereis a strong
indication that users do not necessarily have a preferencefor
a specific cluster size, and their cluster sizes are not signifi-

Absol ute(Proportional)

Subject Min Max Mean | Median
1 2(12) | 7(60) | 3.71(.274) | 3.0(.19)
2 2(13) | 9(.56) | 3.60(.263) | 3.0(.20)
3 2(12) | 8(.60) | 3.89(.258) | 3.0(.23)
4 2(12) | 7(.50) | 3.56(.265) | 3.0(.20)
5 2(12) | 7(47) | 445(.309) | 4.0(.26)
6 2(12) | 12(.75) | 5.15(.368) | 4.0(.32)
7 2(.18) | 11(.69) | 5.33(.367) | 3.5(.28)
8 2(.18) | 6(.40) | 3.56(.267) | 3.0(.20)
9 2(12) | 6(.40) | 3.08(.245) | 3.0(.20)
10 2(12) | 9(.56) | 4.25(.300) | 2.5(.20)

Table 1: Absolute and proportional ranges of cluster-
sizes per subject.
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Number of without documents with documents
Query Documents || Average | Proportion | 2= || Average | Proportion | ZEwiee
accounting 15 3.166 0.211 19/6 2.75 0.183 11/
career services 16 2.166 0.135 13/6 3.00 0.188 12/4
employment 16 2.833 0.177 17/6 3.25 0.203 13/4
library 1 2.166 0.197 13/6 3.00 0.273 12/4
off campus housing 10 1.666 0.167 10/6 2.00 0.200 8/4
[ Overall(Average) | 13.6 I 240 | 0.176 | 72/30 | 2.80 | 0.206 | 56/20 |
Table 2: Average number of clusters per query and overall.
Subject 1 2 3 4 5 6 7 8 9 10
Num. clusters |4.0+1.00|3.0+0.71[1.6£0.55|1.24+0.45|3.0+:0.71| 3.4+1.14 | 3.2£1.79| 1.8+0.45| 2.64+-0.55| 2.2+-0.84

Table 3: Average number and standard deviation of clusters each subject generated.

cantly affected by whether or not they have accessto thefull
document texts.

Figure 1 shows a graph of the probability that, for any
guery, a subject will generate a cluster of that size. This
graphillustrates how the probability of bigger clustersbeing
generated decreasesrapidly, showing that in general the sub-
jects preferred smaller clusters.

Number of Clusters

A second issue we study is how many clusters are typically
formed by subjects. overall, per query, and on an individ-
ual basis. An interesting question was whether the results
changed significantly between subjectswho had accessto the
full text and those who did not. Table 2 reports the average
number of clusters generated. Both overall and per query
valuesarereported. On average, those with accessto thefull
text of a document seem to form more clusters than those
without.

Interestingly, most subjects, while having great variance
between each other, were relatively consistent in the num-
ber of clusters they generated. Table 3 shows the average
number of clusters that each subject generated, along with
the standard deviation per subject.

Similarity of Clustering Between Subjects

Even when subjects create different numbers and sizes of
clusters, there can be similarity betweenthe clustersthey cre-
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Figure 1: The average frequency of occurrence of each
cluster size.

ate. To gauge the similarity of any two subjects’ clustering
behavior we measured how much agreement there was be-
tween subjects with respect to placing two or more docu-
ments in clusters together. For every subset of documents
grouped together in a cluster by one subject, we counted
the proportion of other subjects that agreed by placing the
same subset of documentsin a cluster as well (independent
of what other documentswerein each cluster). If the process
of placing documents were random, as these groupings be-
come larger there should be less chance that the same set of
documents would be placed together in more than one sub-
ject’s cluster, and this was indeed what was found. Surpris-
ingly, little agreement wasfound evenin small subsets of two
and three documents. Figure 2 shows, for each subset size,
on average what proportion of people agreed with a given
subject that a particular subset of documents should be clus-
tered together. As conjectured, agreement fell with bigger
subsets and the amount of correlation was lower for the sub-
jectsgiven accessto thefull text than for thosewith only title
and url.

The overall similarity between any two subjects was an-
other dimensionwe examined. To calculatethisinter-subject
similarity for aquery, we computed the number of pairsdoc-
umentsany two subjectshad in common, divided by thetotal
number of pairsthat they had between them. Using thismea-
sure, we found that subjects without documents on average
across al five queries had a similarity of 0.277, while those
with documents had an average similarity of 0.162, with an
overall average of 0.246. The amount of similarity varied

0.5 T T T T T

Subjects without document ——

035 Subjects with document —--

o
o
a1

|

| |
8 10 12

Proportion of people agreeing
o
w

Cluster Size

Figure 2: Proportion of subjects agreeing on a cluster-
ing of a particular subset of documents.
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Subject | Min | Max || Subject | Min | Max
1 1.00 | 1.09 6 100 | 118
2 1.00 | 1.00 7 1.00 | 1.00
3 100 | 1.64 8 100 | 114
4 1.00 | 1.75 9 1.00 | 1.00
5 100 | 247 10 1.00 | 1.00

Table 4: Average number of clusters a document ap-
peared in per subject.

Subject | Min | Max || Subject | Min | Max
1 | 033 | 1.00 6 | 000 | 10O
2 1.00 | 1.00 7 1.00 | 1.00
3 |029]| 100 8 |033]| 100
4 | 000|100 9 1.00 | 1.00
5 | 000|025 10 | 1.00 | 1.00

Table 5: Proportion of clusters digoint from the rest.

greatly. What is noteworthy is that this variation decreased
when the documents were taken into account.

As was mentioned above, when subjects were given the
full text, more clusters were created. Because on average
the size of the clusters stay constant, there is the potential
for more pairings which should make the similarity between
subjects higher. In actuality, given the text, the similarity
dropped and the variance between similarities of subjectsbe-
came much less.

Amount of Cluster Overlap

We also studied theamount of overlap of clustersper subject.
To quantify this measure we computed the average number
of clustersto which each document belonged. Thiswasdone
by calculating, for each subject, the number of clusters in
which aparticular document occured for each query. Theav-
erage number of clustersfor subjectswithout documentswas
1.108, and 1.222 for subjects with documents.

When the individual subjects were analyzed, the amount
of overlap each subject had was extremely varied. The
ranges across the ten subjects are shown in Table 4, with the
measures of overlap being on average how many clustersin
which each document appeared. Table 5 shows the mini-
mum and maximum proportion of clusters per subject, over
all queries, that were digoint from the rest.

These numbersare interesting in that they show that most
subjects had a dissimilar way of clustering, each with their
ownway of overlap. Theonly exception to thisgeneral vari-
ation among subjects were seen here in that four of the ten
peoplealways choseto keep all the clustersdigjoint. Regard-
less of this and the high variance, a high proportion of sub-
jects had a high level of overlap, indicating that clustering
methods allowing overlap are more appropriate than those
without overlap.

Documents not Clustered
In studying the data we observed that subjects did not place
many of thedocumentsin clustersat all.2 Infact, when look-

2Recall that we treat documents in singleton clusters and a doc-
ument placed in no cluster as equivalent.

ing at the queries, it was found that on average more than a
third of the documents were not placed in multi-document
clusters. Table 6 shows the absolute ranges for the subjects,
split by those who only had the URL and title to work with
andthosewho did not. Table7 showsthe proportional values
of these same ranges. Given the data presented in the previ-
ous sections, it is surprising to find that the averages are al-
most the same for subjects with and without full text.

Future Work

Thiswork began asan off-shoot of our observationthat it was
difficult to build a system that clustered web pages when the
subjective sense of the humans attempting to do so was that
there was no obvioudly correct way to cluster them even by
hand. Our goal in thiswork was to give more objective data
supporting this pessimistic assessment by finding a task in
which the opportunity to cluster was hopefully increased by
using a narrow range of web pages and using subjects very
familiar with the domain of the documents. An obvious next
step isto do a more elaborate experiment involving a larger
number of people and documents. Ideally such experiments
would explore queries for which awider range of number of
results occurs (especially cases where a query returns very
large sets of documents). Given the small number of results
for our queries, it is unreasonable to generalize our results
too broadly, especialy in relation to cluster sizes and num-
ber of clusters. Given more subjects and queries with more
documents, we hope to be able to clarify these issues better.

A second issuetoisolatein further experimentsiswhether
the fact that subjects do not agree on clusters implies that
there is no effective way to cluster the documents. For ex-
ample, perhapseach subject’sway of clusteringisaperfectly
acceptable alternative, providing differing, but equally suit-
ablewaysto structurethe results of aquery. Our planin sub-
sequent work is to use a second digoint subject group who
would evaluate the merit of each cluster, to test the extent to
which they are all acceptable. A negative result on this fol-
lowup study would complement the results here— not only
is there no way to uniquely cluster documentsin all cases,
but even when there are alternative ways to cluster, none are
judged appropriate by all. The same subjective judgments
that led us to perform this study also make us believe that
thisistrue. A fina piece of information that could be useful
would be to find out exactly why subjects clustered the way
they did. We plan to make more use of subject interviewsin
subsequent work.

Summary

We had ten people cluster, by hand, five different sets of
query-resultsfrom afairly focused search domain. The data
were analyzed to find generalitiesin the way the ten subjects
clustered these results. Each subject tended to be diversein
hisor her clustering across the five queriesand little similar-
ity was found between different subjects. It was found that
subjects liked to create relatively small clusters, and that on
average subjects tended to create fewer clusters with more
overlap when given the full text as opposed to only the URL
and title. These findings suggest that while there might be
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Absolute (per subject)

Number of Without Documents With Documents
Query: Documents || min | max | mean | median || min | max | mean | median
accounting 15 3 8| 5.00 45 3 10 | 5.67 5.0
career services 16 1 9 4.50 4.0 2 9 5.50 6.0
employment 16 2 10 | 6.00 6.0 1 8| 429 4.0
library 1 0 4| 225 25 2 8 | 5.00 5.0
off campus housing 10 2 8| 475 45 1 5| 333 35
Overall 13.6 0 10 | 450 4.0 1 10 | 474 4.0

Table 6: Absolute number of documents not clustered by subjects.
Proportion (per subject)
Without Documents With Documents

Query: min | max | mean | median || min | max | mean | median

accounting 20| B3] 033 0.30 20| 66| 0.38 0.33

career services 06| 56| 028 0.25 A3 | 56| 034 0.38

employment A3 | 63| 0.38 0.38 .06 | 50| 0.27 0.25

library .00 | 36| 020 0.23 A8 | .73 | 0.46 0.46

off campus housing 20| .80 | 048 0.45 10| 50| 033 0.35

Overall 12| 58] 033 0.32 A3 | B9 | 0.36 0.35

Table 7: Proportional number of documents not clustered by subjects.

an acceptable overall clustering, people tend to be context
specific and havelittle generality in the characteristics of the
clustering, raising the question of whether effective cluster-
ing behavior can be achieved only through knowledge of the
purpose of a query, if, indeed, a general-purpose clustering
method is possible at all.
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