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Abstract

With theincrease in information on the World Wide Web it has become difficult to find desired informa-
tion quickly without using multiple queries or using a topic-specific search engine. One way to help in
the search is by grouping HTML pages together that appear in some way to be related. In order to better
understand this task, we performed an initial study of human clustering of web pages, in the hope that it
would provide someinsight into the difficulty of automating thistask. Our results show that subjects did
not cluster identically; infact, on average, any two subjectshad little similarity in their web-pageclusters.
We also found that subjects generally created rather small clusters, and those with access only to URLs
created fewer clusters than those with access to the full text of each web page. Generally the overlap of
documentsbetween clustersfor any given subject increased when giventhefull text, asdid the percentage
of documents clustered. When analyzing individual subjects, we found that each had different behavior
across queries, both in terms of overlap, size of clusters, and number of clusters. These results provide a
sobering note on any quest for asingle clearly correct clustering method for web pages.*

1 Introduction

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 arate that no
individual or organization is capable of keeping track of all of them, let aone organizing them and presenting
adequate tools for managing, manipulating, 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 suggested
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?

Thereisawiderange of approaches that have been taken to hel p peopl e access and manipul ate collections
of on-line documents. Conventional document retrieval systems return a (usually long) list of ranked docu-
ments based on a measure of each document’s similarity to the original query [9]. Some work with general
gueries and general web-pages [8], while others are tailored to more focused tasks [10]. A second class of
tools provide graphica meansfor accessing data based, for example, on inter-document similarity [1, 12, 4],
relationships to fixed attributes [11, 6], and query term distribution patterns [5]. A third approach isto clus-
ter the collection of documents. For example, hierarchical agglomerative clustering (HAC) [13] finds cluster

A dlightly condensed version of this paper was published in KDD-98 [7].



centroids and clusters based on similarity to those centroids. A recent HA C-based method, Word-Intersection
Clustering [15], clusters based on phrases and allows for overlapping clusters. Another interactive approach,
Scatter/Gather [3, 2], lets the user navigate through the retrieved results and dynamically clusters based on
this navigation. A K-means method [14] 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 ac-
cess to web-based information. To restrict ourselves to pages that are likely to be related, we have concen-
trated 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 are two assumptions; first that there are a set of coherent groups
into which documents can be clustered, and second that there exist meaningful ways to cluster these docu-
ment setsinto coherent groups. It isthese assumptions that we investigate in this paper. Tothisend we asked
agroup of subjects to cluster, by hand, the documents returned as the result of queries given aweb search
engine. This paper details the experimental process, presents our analysis of thisinitial survey, and raises
issues regarding what it means to cluster in general.

2 Data

Our experiments study how humans cluster collections of web pages returned from aweb search engine. The
ten subjects who participated in this study are members 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 follow-
ing links from the main Rutgers web page. This search engine was chosen for its inherent focus on Rutgers-
specific information in the belief that by drawing on anarrower source of documents, therewould be agreater
likelihood of forming coherent clusters, aswell asto exploit the background knowledge that all subjects had
about Rutgers that could be brought to bear upon the clustering task.

Each subject wasgiven theresults of five queriesto cluster. Thesefiverepresent the most frequent queries
involving digoint sets of terms that were asked by users of the search engine as of 7 January 1998. Thefive
guerieswere; “accounting”, “career services’, “employment”, “library”, and “ off campus housing”, with 15,
16, 16, 11 and 10 returned web links, respectively. To determine how important the actual text of the doc-
ument was, for each query four subjects were given the complete text as well as the URLs and titles (when
available) for each web link returned, whilethe other six subjects were given only the URL sand titles (again,
when available). Subjects were assigned to queries randomly with the following restrictions: (a) no subject
was asked to perform clustering with and without documents for the same query, and (b) each subject had
access to the full text of each document for at least one query and had at least one query with access to only
the URL and title of each returned web link.? Subjects weretold to cluster the documents to the best of their
ability and report for each query their clusters on a form provided them. The form had five spaces to re-
port clusters on, but we specified that additional clusters were acceptable. We a so 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 minutes to complete the en-
tire task. See Appendix A for the subject response forms used. Appendix B contains, for each query, the
clusterings that each subject created.

2Unfortunately, one subject performed all clustering tasks without the document contents (seealso Figure4). Thisdoesnot affect
results for cases where clustering is performed with document contents since he contributes no data to these averages, and it should
only dlightly affect results in cases without document contents due to the larger subject/query pool that these results reflect.



During our initial analysis of the data and post-experiment interviews with 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 simply disregarded any such documents (and no subject who created singleton
clusters created one for a document that also appeared in a non-singleton cluster). To address this issue we
deleted dl singleton clusters from each subject’s results. We also found that some subjects listed documents
in each cluster in the order in which they appeared in their origina list of documents, while others did not.
Furthermore, subjects listed their clusters in various orders. For example, most listed clusters neither in in-
creasing nor decreasing size. Since the instructions to our subjects did not address these concerns, we did
not study these issues.

3 Reaults

Based on the results of the survey, we attempted to determine the degree of agreement between subjects and
the extent to which the presence of the entire text affected the clusters. We also looked 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, asisoften performed, or whether amore complex scheme of overlapping
clusters is more appropriate. The guestions we considered were;

1. How big were the generated clusters? Was there a correlation between the size of the clusters and the
total number of documents? Were there discernible patterns for individual subjects?

2. How similar were the generated clusters? Were there any subjects whose clusters were consistently
similar? Was there a pattern to the amount of agreement as we looked at bigger (sub)clusters?

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

4. How many clusters were generated? Was this the same for all subjects? Did it depend on the number
of documents or the subject?

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

3.1 Cluster Size

Thefirst issue we study iswhat size clusters the subjects tend to form. For example, were bigger clusters pre-
ferred over smaller ones or vice versa? Furthermore, did access to the compl ete text affect such preferences
substantially? Finally, were such preferences universal or subject specific?

To address these questions we first compared the size of clusters for the full set of queries across al sub-
jectswho had access to the text to the size for those subjects who did not, and found little difference (Tables 1
and 2). 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. The mean
cluster size (in absolute terms) was found to be 4.0 (with the average number of documents per query being
13.6). A fina interesting observation wasthat most subjects preferred to keep the average size of their largest
clusters close to 50% of the size of the entire document set.

To get abetter idea of the behavior acrossall cluster sizes, we counted, for each set of documents clustered
together by any subject, the number of times that set appeared across all subjects’ clusters. Figures 1(a) and
1(b) show, on average, how many times sets of documents of different sizes appeared per subject. Itisclear



Absolute Cluster Sizes

Query (# docs): without Documents with Documents

min | max | mean | median | min | max | mean | median
accounting (15) 2 7| 3.26 3.0 2 6| 355 3.0
career services (16) 2 9| 492 4.0 2 12 | 6.00 5.0
employment (16) 2 71 4.9 5.0 2 6| 3.69 4.0
library (11) 2 6| 285 2.0 2 6| 314 3.0
off campus housing (10) 2 6| 4.00 4.0 2 5| 350 35
Overal(13.6): 2 9| 399 4.0 2 12| 398 3.0

Table 1. Statistics on absolute cluster sizes per query, with and without documents.

Proportional (wrt # docs) Cluster Sizes

Query (Normalized/Doc): without Documents with Documents

min | max | mean | median | min | max | mean | median
accounting (15) 0.13 | 047 | 022 020 | 0.13 | 040 | 0.24 0.20
career services (16) 012 | 056 | 0.31 025|012 | 0.75| 0.38 0.31
employment (16) 0.12 | 044 | 031 031|012 | 038 | 0.23 0.25
library (11) 0.18 | 0.55 | 0.26 0.18 | 0.18 | 055 | 0.29 0.27
off campus housing (10) 0.20 | 0.60 | 0.40 0.40 | 0.20 | 0.50 | 0.35 0.35
Overdl(13.6): 0.15| 052 | 0.30 027 | 0.15| 052 | 0.29 0.28

Table 2: Statistics on proportional cluster sizes per query, with and without documents.
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Figure 1. Average number of occurrences per individual of each cluster size.

that asthe size grows bigger the number of timesthose groups appear decrease rapidly showing that the bigger
size groups were only chosen by one subject.

However, looking at individual subjects we found that the range of sizes varied greatly both within and
across queries. Table 3 depictsthe absolute and proportional (with respect to the number of documents) range



Absolute(Proportional)

Subject Min Max Mean | Median
2(.18) | 11(.69) | 5.33(.367) | 3.5(.28)
2(12) | 7(.47) | 4.45(.309) | 4.0(.26)
2(12) | 8(.60) | 3.89(.258) | 3.0(.23)
2(12) | 9(.56) | 4.25(.300) | 2.5(.20)
2(12) | 7(.60) | 3.71(.274) | 3.0(.19)
2(12) | 7(.50) | 3.56(.265) | 3.0(.20)
2(.12) | 6(.40) | 3.08(.245) | 3.0(.20)
2(13) | 9(.56) | 3.60(.263) | 3.0(.20)
2(12) | 12(.75) | 5.15(.368) | 4.0(.32)
2(.18) | 6(.40) | 3.56(.267) | 3.0(.20)
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Table 3: Absolute and proportional ranges of cluster-sizes per subject.
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Figure 2: The average frequency of occurrence of each cluster size.

of cluster-size values for each subject. Asaresult, we conclude that there is a strong indication that users do
not necessarily have apreference for aspecific cluster size, and their cluster sizes are not significantly affected
by whether or not they have access to the full document texts.

Figure 2 shows agraph of the probability that, for any query, asubject will generate acluster of that size.
This graph illustrates how the probability of bigger clusters being generated decreases rapidly, showing that
in general the subjects preferred smaller clusters.

3.2 Number of Clusters

A second issue we study is how many clusters are typically formed by subjects: overall, per query, and on an
individual basis. Aninteresting question waswhether the results changed significantly between subjectswho
had access to the full text and those who did not. Table 4 reports the average number of clusters generated.
Both overall and per query values are reported. On average, those with access to the full text of a document
seem to form more clusters than those without.

Wefound acomparatively large variance in the data when we compared the number of clusters generated



Num. of without documents with documents
Query Docs Ave. | Proportion % Ave. | Proportion %
accounting 15 3.166 0.211 19/6 | 2.75 0.183 11/4
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 11 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) || 136 [ 240

0176 | 72/30] 280] 0206 56/20 |

Table 4: Average number of clusters per query and overall.

Number of clusters
for query number:

Subject | 1 2 3 4 5 | Average
1 5| 2 35 1 | 3.2+1.79
2 4 | 2 3 ]3| 3 |30+071
3 2 | 2 2 1 1 | 1.6+0.55
4 2 | 2 3] 3 1 | 22+0.84
5 5|5 4| 3| 3 |40£100
6 1 1 2 1 1 | 1.2+0.45
7 3| 3 2 | 3 2 | 2.6+0.55
8 3|1 3] 4] 3 2 | 3.0+0.71
9 3| 4] 5] 3 2 | 34+1.14

10 2 1 2 2 2 | 1.8+0.45

Table 5: Number of clusters per query plus average and standard deviation generated by each subject.

by subjects who had access to the text to the number of clusters generated by those who did not (the only
exception being the query “library’ with 27% versus the 18-20% range from the others). We are not sure of
the cause of this variance.

Interestingly, most subjects, while having great variance between each other, were relatively consistent
in the number of clusters they generated. Table 5 shows the average number of clusters that each subject
generated, along with the standard deviation per subject.

3.3 Similarity of Clustering Between Subjects

Even when subjects create different numbers and sizes of clusters, there can be similarity between the clus-
ters they create. To gauge the similarity of any two subjects’ clustering behavior we measured how much
agreement there was between subjects with respect to placing two or more documents 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 aswell (independent of what
other documents were in each cluster). If the process of placing documents were random, as these groupings
become larger there should be less chance that the same set of documents would be placed together in more
than one subject’s cluster, and thiswas indeed what wasfound. Surprisingly, little agreement wasfound even
in small subsets of two and three documents. Figure 3 shows, for each subset size, on average what propor-
tion of people agreed with a given subject that a particular subset of documents should be clustered together.
As conjectured, agreement fell with bigger subsets and the amount of correlation was lower for the subjects
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Figure 3: Proportion of subjects agreeing on a clustering of a particular subset of documents.

given access to the full text than for those with only title and URL.

The overall similarity between any two subjects was another dimension we examined. To calculate this
inter-subject similarity for a query, we computed the number of pairs of documents any two subjects had in
common, divided by the total number of pairs that they had between them. Using this measure, we found
that subjects without documents on average across all five queries had asimilarity 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 greatly. Interestingly, this variation decreased when the documents were taken into account.

We also present a more fine-grained analysis of inter-subject similarity in Figure 4. Each cell contains
the preceding similarity calculation (on a scale of 1 to 1000) for all pairs of subjects. Entries to the left of
the diagonal represent cases in which both subjects performed clustering for a query when both had access
to the full text of the documents for that query; those to the right correspond to the same when neither had
accessto thefull text. Thusmultiple entriesin acell indicate that the two subjects had more than one query in
common, whereas an “xxx” indicates that they had no queries in common. Note that the similarity measures
for pairs of subjects with multiple queries in common vary considerably, indicating that clustering is more
query specific than subject specific.

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 subjects became much less.

3.4 Amount of Cluster Overlap

We aso studied the amount of overlap of clusters per subject. To quantify this measure we computed the
average number of clusters to which each document belonged. This was done by calculating, for each sub-
ject, the number of clusters in which a particular document occurred for each query. The average number of
clusters for subjects without documents was 1.108, and 1.222 for subjects with documents.

When the individual subjects were analyzed, the amount of overlap each subject had was extremely var-
ied. The ranges across the ten subjects are shown in Table 6, with the measures of overlap being the average
number of clustersinwhich each document appeared. Table 7 shows the minimum and maximum proportion
of clusters per subject, over all queries, that were digoint from the rest.

These numbersareinteresting inthat they show that most subjects had adissimilar way of clustering. The
only exception to this general variation among subjects were seen here in that four of the ten people aways
choseto keep al the clusters digoint. However, the high proportion of subjects forming overlapping clusters



WITHOUT
DOCGUMENT S
SUBJECTS 1 2 3 4 5 =] Fd 8 9 10
1 340 083 | 167 | 233 | xox 3o | 300 | 120 | 214
405 356 338 286 545 3r2 219
1000 593 400
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415 329
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Figure 4: Overall smilarity between subjects with and without access to the text of the docu-
ments. Each entry in acell corresponds to the two subjects compared with respect to one query.
Similarity is rated on ascale from 1 to 1000.

indicates that clustering methods allowing overlap may be more appropriate than those without overlap.

3.5 Documentsnot Clustered

In studying the datawe observed that subjects did not place many of the documentsin clustersat all.3 Infact,
when looking at the queries, it wasfound that on average more than athird of the documents were not placed

3Recall that we treat documents in singleton clusters and a document placed in no cluster as equivalent.



Subject

Min | Max || Subject | Min

Max

O wWNPE

1.00 | 1.00 6 1.00
1.00 | 2.47 7 1.00
1.00 | 1.64 8 1.00
1.00 | 1.00 9 1.00
1.00 | 1.09 10 1.00

1.75
1.00
1.00
1.18
114

Table 6: Average number of clusters in which a document appeared per subject.

Subject | Min | Max || Subject | Min | Max
1 1.00 | 1.00 6 0.00 | 1.00
2 0.00 | 0.25 7 1.00 | 1.00
3 0.29 | 1.00 8 1.00 | 1.00
4 1.00 | 1.00 9 0.00 | 1.00
5 0.33 | 1.00 10 0.33 | 1.00

Table 7: Proportion of clusters digoint from the rest.

Absolute (per subject)

Num. of Without Documents With Documents
Query: Docs min | max | mean | median || min | max | mean | median
accounting 15 3 8| 5.00 4.5 3 10 | 5.67 5.0
career services 16 1 9| 450 4.0 2 9| 550 6.0
employment 16 2 10 | 6.00 6.0 1 8| 429 4.0
library 11 0 4| 225 25 2 8| 5.00 5.0
off campus housing 10 2 8| 4.75 45 1 5| 333 35
Overall 13.6 0 10| 450 4.0 1 10| 4.74 4.0

Table 8: 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| 53| 0.33 030l 20| .66 | 0.38 0.33
career services .06 | 56| 0.28 025 13| 56| 034 0.38
employment A3 | 63| 0.38 038 || .06| .50 | 0.27 0.25
library 00| 36| 020 023 | .18 | .73 | 0.46 0.46
off campushousing || .20 | .80 | 0.48 045 .10| .50 | 0.33 0.35
Overall A2 | 58| 0.33 032 | .13| .59 | 0.36 0.35

Table 9: Proportional number of documents not clustered by subjects.




in multi-document clusters. Table 8 shows the absolute ranges for the subjects, split by those who only had
the URL and title to work with and those who did not. Table 9 shows the proportional values of these same
ranges. Given the data presented in the previous sections, it is surprising to find that the averages are amost
the same for subjects with and without full text.

4 FutureWork

Thiswork began as an off-shoot of our observation that 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 obviously correct
way to cluster them even by hand. Our goal in this work was to give more objective data supporting this
pessimistic assessment by finding atask in which the opportunity to cluster was hopefully increased by using
anarrow range of web pages and using subjects very familiar with the domain of the documents. An obvious
next step isto do amore elaborate experiment involving alarger number of people and documents. Ideally
such experiments would explore queries for which a wider range of number of results occurs (especialy
cases where aquery 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 number of
clusters. Given more subjects and queries with more documents, we hope to be able to clarify these issues
better.

A second issue to isolate in further experiments is whether the fact that subjects do not agree on clusters
implies that there is no effective way to cluster the documents. For example, perhaps each subject’s way of
clustering is a perfectly acceptable dternative, providing differing, but equally suitable waysto structure the
results of aquery. Our plan in subsequent work isto 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 follow-
up study would complement the results here — not only is there no way to uniquely cluster documents in
al cases, but even when there are aternative ways to cluster, none are judged appropriate by al. The same
subjective judgments that led usto perform this study also make us believe that thisistrue. A final 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 interviews in subsequent work.

5 Summary

We had ten people cluster, by hand, five different sets of query-results from afairly focused search domain.
The data were analyzed to find generalities in the way the ten subjects clustered these results. Each subject
tended to be diverse in his or her clustering across the five queries and little similarity 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. Thesefindings suggest that while there might be an acceptable overall clustering, peopletend
to be context specific and have little generdlity in the characteristics of the clustering, raising the question of
whether effective clustering 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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A Subject Forms

This appendix includes the forms that were distributed to the subjects for our experiments. Each gives the
query, lines for the clusters that the user forms, and the list of URLsthat should be clustered.

A.1 Query: Accounting

These are the results of your search for “"accounting".”

Group-1:
Group-2:
Group-3:
Group-4:
Group-5:

1.ftp://lwww.rutgers.edu/pub/accounting
2.http://newark.rutgers.edu/~aldea/comments.html
3.http://newark.rutgers.edu/~jbragg/acct. tmRUTGERS UNIVERSITY OFFICE OF BUSINESS
SERVICES-ACCOUNTING
4 .http://newark.rutgers.edu/~lynneo/ CAREER/cma.htnAlIP-Corporate
5.http://andromeda.rutgers.edu/~nwkmath/ac201.html
6.http://andromeda.rutgers.edu/~tectrain/account.html
7.http://camden-sbc.rutgers.edu/majors/accounting.html SBC Accounting Major
8.http://dml.rutgers.edu/meet/Alumni/Lewis_Juanita.html Juanita Lewis
9.http://camden-www.rutgers.edu/Academics/summer/business.html Summer Session School of
Business
10.http://www-rci.rutgers.edu/~cswebpg/OCR_Act. tmEMPLOYER ON-CAMPUS INTERVIEWS
11.http://www.rci.rutgers.edu/~eclark/kli/m_accounting. tmMRECRUITMENT SOURCES - Accounti
12.http://www-rci.rutgers.edu/~gedajlov/1blinks.htmlEric’'s Home Page of Business Links
13.http://www-rci.rutgers.edu/~gillett/courses/fall96/AIS96.htnAccounting Information Systems 199
14.http://www.rci.rutgers.edu/~ilc/ Division of Grant and Contract Accounting
15.http://www.rci.rutgers.edu/~ilc/volla.html

A.2 Query: Employment

These are the results of your search for “"employment".”

Group-1:
Group-2:
Group-3:
Group-4:
Group-5:

1.http://www.scils.rutgers.edu/case/empop.htm

2."http://lwww.engr.rutgers.edu:80/~ispe/jobs.html

3. http://aesop.rutgers.edu/~AGECON/brumfield.html

4 http://Inewark.rutgers.edu/~britto/off-campus.htmDff-Campus Employment
5.http://andromeda.rutgers.edu/~dduncan/employment.hfirs-voting
6.http://newark.rutgers.edu/~Icrew/nwkprof.htmiDiocese of Newark: Privilege &amp; Responsibility
7.http://newark.rutgers.edu/~lynneo/CAREER/ptjobs.htnPart-time Employment
8.http://newark.rutgers.edu/~zahavy/cv.htmlTzvee Zahavy
9.http://cobra.cabm.rutgers.edu/~arnold/employ.html
10.http://www.engr.rutgers.edu/~ispe/jobs.htmEmployment-Related Information
11.http://camden-www.rutgers.edu/CPP/emp.html CPP Rutgers-Camden Employment Opportunities
12.http://deathstar.rutgers.edu/profcert/P6601.GIF

13.http://www.eden.rutgers.edu/~jtr/jtr3.htm

14 .http://www.eden.rutgers.edu/~lienhongLien Huong’'s Home Page
15.http://www.eden.rutgers.edu/~mokhanMir Moosa Khan's Home Page.
16.http://www.eden.rutgers.edu/~steske/emphist.htBmployment History for Scott Teske
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A.3 Query: Library

These are the results of your search for “"library".”
Group-1:
Group-2:
Group-3:
Group-4:
Group-5:

1."http://www.libraries.rutgers.edu:80/rulib/abtlib/alexlib/alexhome.html
2.13a.mls.co.html#17://scils.rutgers.edu:80/catalog/610:501
3.ftp://msproul.rutgers.edu/pub/Macintosh/Dev/ErrorString.hgx
4.gopher://info.rutgers.edu/11/Academics/Catalogs
5.gopher://info.rutgers.edu:71
6.gopher://info.rutgers.edu:72/00/Library_Services/Hours
7.http://newark.rutgers.edu/~drinkard/ger.htm
8.http://andromeda.rutgers.edu/~ehrlich/27feb97.htrkleyward Ehrlich’s Bookmarks
9.http://newark.rutgers.edu/~rps/dana.htmlohn Cotton Dana Library Information
10.http://newark.rutgers.edu/~wcjlen/About. WCJLN.text
11.http://newark.rutgers.edu/~wcjlen/Cambridge.Publications1.text

A.4 Query: Career Services

These are the results of your search for “"career services".”

Group-1:
Group-2:
Group-3:
Group-4:
Group-5:

1.http://newark.rutgers.edu/~lynneo/NCAScdc.html

2.http://camden-sbc.rutgers.edu/placement.html SBC Job Placement

3.http://lwww-camlaw.rutgers.edu/cservices/ CAREER SERVICES - Rutgers School of Lawe Camd

4.http://lwww.engr.rutgers.edu/~openhous/index.htnRutgers University- College of Engineering Ope
House 1997

5.http://camden-www.rutgers.edu/CPP/cpp.html Career Planning and Placement Rutgers-Camden

6.http://www-rci.rutgers.edu/~bsmcpher/aroundru/career.htri@lareer Services

7.http://www.rci.rutgers.edu/~cifss/predeparture/passport/pp2.hfnademics

8.http://www-rci.rutgers.edu/~cswebpg/2events.htmRutgers - New Brunswick Career Services --

ITemplate!!

9.http://www.rci.rutgers.edu/~cswebpg/Access.htmAccess to Career Services

10.http://www-rci.rutgers.edu/~cswebpg/Action_Plan_Emp.htn@areer Services

11.http://www-rci.rutgers.edu/~cswebpg/Grants.htrtlUNDING OPPORTUNITIES AT RUTGERS
CAREER SERVICES

12.http://www-rci.rutgers.edu/~cswebpg/Offices&Hours.htm1996/97 Directory

13.http://www-rci.rutgers.edu/~cswebpg/Start.htmWelcome to Rutgers University Career Services

Homepage

14 .http://www-rci.rutgers.edu/~cswebpg/assessment.ht@areer Services

15.http://www-rci.rutgers.edu/~cswebpg/camden.htmRutgers-Camden

16.http://www-rci.rutgers.edu/~cswebpg/collegeave.htn@ollege Ave. Staff
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A.5 Query: Off CampusHousing

These are the results of your search for “"off campus housing"*.”

Group-1:
Group-2:
Group-3:
Group-4:
Group-5:

1.http://andromeda.rutgers.edu/~pals/housing.html
2.http://cis.rutgers.edu/rent
3.http://lwww.rutgers.edu//guide/ready.html Ready Reference Guide
4.http://info.rutgers.edu/About_Rutgers/safety/volume.1.shtml Safety Matters
5.http://info.rutgers.edu/Directories/CIS_Rolodex/Card.card_id_195821.shtml Off Campus Housing
Service (Off-Campus Housing Office, OCHS, OCHO, Renting Apartments, Renting Houses)
6.http://info.rutgers.edu/Services/Housing/ Off-Campus Housing Services
7.http://info.rutgers.edu/Services/Housing/housing-form.html Off-Campus Housing Search
8.http://info.rutgers.edu/cgi-bin/ColHenry/news.by.sub/ru.misc.col-henry/1198
9.http://uc.rutgers.edu/campus/ochs/ Rutgers University Off-Campus Housing Homepage
10.http://uc.rutgers.edu/campus/ochs/clinic.html Off-Campus Housing Free Legal Clinic, Spring 199
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B Clusterings done by subjects

This appendix includes the raw data that was the basis for the results presented in this paper. Each table
corresponds to a query, and each row corresponds to a different subject and gives the clusters formed by that
subject. Even though singleton clusters were not included in the analyses of the paper, they areincluded in
this appendix.

Off Campus Housing
With Documents | Without Documents
1 5,6,7,9,10
1
2
3
4
8
2 2,7
5,6,8,9
34
10
8
3 5,6,7,9,10
4 1,345
5
3
4
5 1,2,5,6,7
456,7,8
1,5,6
3
4
6 1,5,6
4
7 9,7,5,6
10
34
8 4,10
2
1,3,5,6,7,9
9 1,2,3,6,7,9
4,8,10
5
10 3,4,10
5,6,7,9
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Accounting

Subject || With Documents | Without Documents
1 1,314
14,15
79,13
5,6
4,10,11
2
12
2 5,2
8,13
1,3,4,10
79,12
15
14
11
6
3 9,13
7.8
4 1,3,4,9,11,13,14
8
12
13711
5 1,3,7,11,13,14
1,7,9,12,13
10,11
3,14
2,34
5,6
10,11,12,13,14,15
6 1,6,7,9,12,13
3
8
7 4,10,11,12
1,314
79,13
8 13
4,9,10,13,15
6,11,14
12
9 2,5,7,8,13
3
4,6,11,14
9
1,10,15
12
10 4,10,11
3,912
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Career Services

With Documents

Without Documents

1 2,35
6,8,9,10,11,13,14
1
4
7
12
15
16
2 3,6,8,9,10,12,13,14,15
245
16
1
7
4
3 12,16
3,5,6,8,9,10,11,12,14
4 1,5,9,12,13,15,16
3
4
10
11
9,13
5 || 1,35,6,9,10,11,12,13,14,15,16
6,7,8,9,10,11,12,13,14,15,16
35
35
6,9,10,11,12,13,14,15,16
6 1,2,34,56,7,9,10,13,14
3
4
7 6,8,9,10,13,14
14,15,16
25
8 4,7,12,15
2,16
3,5,6,9,10,11,13,14
8
9 1,2,3,5,6,10,12
27
8,9,13
11,15,16
14
10 3,5,9,10,13,14
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Employment

With Documents | Without Documents
1 1,2,7,10,11
4.6
5,8,9,14,15,16,0
3
12
13
2 8,9,13,14,15,16
1,2,4,10,11
1,2,4,6,10,11
3,512
3 3,8,13,14,16
3,5,7,9,10,11
4 1,2,3,4,7,9,11
8,9,13,14,15,16
6
10
1,4,7,11
5 4579101116
471011000
4678000
38913141516
6 2,4,7,9,10,11
8,14,15,16
13
7 2,4,10,11
6
8,14,15,16
8 3,8,14,15,16
411
2,5,9,10,7
9 1,2
3,9,13,15,16
47
5,6,12
9,10,11
14
10 8,14,15,16
2,4,7,10,11
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Library

With Documents | Without Documents
1 7,9,10,11
1,6
24
45,6
1,6,9,10,11
3
8
2 7.8
1,6,9
24,11
10
3
3 1,6,9
4 2,4
5
6
1,7,8,9
10,11
5 1,2,4,5,6,9
45,6
7,9,10,11
3
6 2,4
6
7 1,4,6,9
10,11
7.9
8 45,6
1,8
10,11
4
9 1,7,9,10
2,3,4,5,6,7
8,11
10 8,9
2,4

18




References

[1]

(2]

(3]

[4]

(5]

(6]

8]

[9]

[10]

(11]

[12]

[13]

[14]

[15]

M. Chalmersand P. Chitson. Bead: Exploration on information visualization. In Proceedings of the 15th Annual
International ACM/SIGIR Conference on Research and Development in Information Retrieval, pages 330-337,
Copenhagen, Denmark, 1992.

D. R. Cutting, D. R. Karger, and J. O. Pederson. Constant interaction-time Scatter/Gather browsing of very large
document collections. In Proceedings of the 16th Annual International ACM/S GIR Conference on Research and
Development in Information Retrieval, pages 125-135, Pittsburgh, PA, 1993.

D.R. Cutting, D. R. Karger, J. O. Pederson, and J. W. Tukey. Scatter/Gather: A cluster-based approach to brows-
ing large document collections. In Proceedings of the 15th Annual International ACM/S GIR Conference on Re-
search and Devel opment in Information Retrieval, pages 318-329, 1992.

R. H. Fowler, W. A. L. Fowler, and B. A. Wilson. Integrating query, thesaurus, and documentsthrough acommon
visual representation. In Proceedings of the 14th Annual International ACM/S GIR Conference on Research and
Development in Information Retrieval, pages 142—151, Chicago, 1991.

M. A. Hearst. Tilebars: Visualization of term distribution informationin full text information access. In Proceed-
ings of the ACM/SIGCHI Conference on Human Factorsin Computing Systems, 1995.

R. R. Korfhage. To see or not to see — is that the query? In Proceedings of the 14th Annual International
ACM/S GIR Conference on Research and Development in Information Retrieval, pages 134-141, Chicago, 1991.

S. A. Macskassy, A. Banerjee, B. D. Davison, and H. Hirsh. Human Performance on Clustering Web Pages: A
Preliminary Study. In Proceedings of The Fourth International Conference on Knowledge Discovery and Data
Mining (KDD-98), New York City, 1998.

M. L. Mauldin. Measuring the Web with Lycos. In Third International World Wide Web Conference, 1995.
http://mww.vperson.com/mlm/lycos-websize-9510.html.

G. Salton. Automatic text processing: the transformation, analysis, and retrieval of information by computers.
Addison-Wesley, Reading, MA, 1989.

J. Shakes, M. Langheinrich, and O. Etzioni. Dynamic Reference Sifting: A Case Study in the Homepage
Domain. In Proceedings of the 6th International World Wide Web Conference, 1997. http://proceedings.
wwwéconf.org/HyperNews/get/PAPER39.html.

A. Spoerri. InfoCrystal: A visual tool for information retrieval & management. In Proceedings of the Second
International Conference on Information and Knowledge Management, 1993.

R. H. Thompson and B. W. Croft. Support for browsing in an intelligent text retrieval system. International
Journal of Man-Machine Sudies, 30(6):639-668, 1989.

P. Willet. Recent trendsin hierarchical document clustering: A critical review. Information Processing & Man-
agement, 24(5):577-597, 1988.

M. R. Wulfekuhler and W. F. Punch. Finding Salient Features for Personal Web Page Categories.
In Proceedings of the 6th International World Wide Web Conference, 1997. http://proceedings.
wwwéconf.org/HyperNews/get/PAPER118.html.

O. Zamir, O. Etzioni, O. Madani, and R. M. Karp. Fast and Intuitive Clustering of Web Documents. In Proceed-
ings of the 3rd International Conference on Knowledge Discovery and Data Mining, pages 287-290, 1997.

19



