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The unprecedented growth of the World Wide Web illustrates the importance
of hypertext as a method for organizing the rapidly expanding amount of on-line
text. As document collections become larger and more dynamic, however, it is not
feasible to construct more than an occasional hypertext manually. This thesis presents
entirely automatic methods for gathering documents for a hypertext, linking them,
and annotating those connections with a description of the type or nature of the link.

The problem of automatically collecting related documents is addressed in Chap-
ter 2, where robust Information Retrieval methods are applied to form high-quality
links between documents. A local context check identifies links where ambiguous vo-
cabulary erroneously suggests a relationship. Dynamic part retrieval is employed to
select the portions of documents which are most related, allowing parts to be linked
when it is more appropriate to link subtopics than entire documents.

Chapter 3 presents a taxonomy of hypertext link types and defines the following
three classes of links: “pattern-matching” links can be found using simple string-
matching methods, “manual” links require substantial application of natural lan-
guage understanding methods (which are currently beyond the state of the art), and
“automatic” links are those which can be found using the methods of this thesis.

Chapter 4 begins the work of automatic link typing by describing two novel graph-
ical techniques for visualizing the relationship between two or more documents. “Uni-
form” visuals display the relationship between documents or document parts without
regard to their relative sizes, whereas “varying” visuals include information about
sizes and locations. Both methods highlight relationships between documents and
motivate the automatic techniques of Chapter 5.

Chapter 5, thus, demonstrates automatic methods for identifying the relationships
depicted in the visualizations. Using an approach based upon graph simplification,
this method automatically identifies revision, summary, expansion, equivalence, com-
parison, contrast, tangential, and aggregate links.

Chapter 6 discusses an informal evaluation of the link typing. Though somewhat
inconclusive, the evaluation demonstrates that automatic document linking performs



well, but also indicates that much work remains to be done toward understanding
automatic link typing.
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Chapter 1

Motivation

The amount of textual information accessible via computer networks is growing at an
unprecedented rate. Without some means of organization, the abundance of infor-
mation becomes merely an overload of data with little or no meaning. Some efforts
have been made to address this problem by creating repositories of data and providing
search engines for scanning the data,[Kah91] or by decentralizing that approach some-
what and providing a means for searching through descriptions of databases.[Kah91]
Information Filtering services and research[FD92] are gaining renewed interest as
the amount of on-line information and the number of on-line information consumers
both grow.[YGM93,Har92a] Research into tools for browsing a collection of texts has
resulted in several new and possibly useful techniques.[CKP93,CU94]

However, measured by the amount of accessible information, the number of users,
and the rate of its growth, by far the most successful information organizing tool
on the network is the World Wide Web. In 1992, the Web accounted for about 500
megabytes of traffic on the Internet (0.001% of total traffic); in the first quarter of
1993, it accounted for 5 gigabytes of traffic (0.03% of the total); over 10 gigabytes
(5%) on the single day May 1, 1994; and in October of 1994, over 2.1 terabytes
(10%).[Gra94] As of November 8, 1994, the Web is estimated to consist of 6.3 gigabytes
of data in almost a million documents.[Mau94,Fou94]

The World Wide Web (WWW) is a loosely organized collection of documents
forming a hypertext! scattered throughout the Internet. Any user on the computer
network may create a Web document and publicize its presence. Other users may then
access the document and possibly include references to it in their own documents.
Although some documents or sets of documents are disconnected from the rest of the
hypertext, almost any of the hundreds of thousands of documents may be accessed

IThe term hypermedia is usually used when the linked data can include information other than
text—e.g., images, audio—as it can on the WWW. This work is concerned only with text, however,
so we will use the term hypertexzt throughout.



directly or indirectly from any of the others.

As the Web and other hypertexts grow and become more dynamic, it becomes
less and less likely that the hypertext links can continue to be created solely by
manual means. For example, it is unimaginable that the 400 megabytes of data in
roughly 130,000 articles of network news articles created per week[Rei94] could be
meaningfully linked by any non-automatic means.

Motivated by the explosion of hypertext growth and use, this thesis explores ques-
tions related to the automatic construction of hypertext. It uses document similarity
functions adapted from the field of Information Retrieval to show how related docu-
ments can be found automatically. The major contribution of the thesis, however, is
the next step, where a description of the nature of the documents’ relationship is au-
tomatically determined. This description provides a “type” for the link, a necessary
component of any complex hypertext system.

1.1 “Lost in hyperspace”

The concept of “hypertext” was originated by Vannevar Bush in 1945[Bus45] when he
described a “memex” system for organizing and retrieving information. He envisioned
“...a device in which an individual stores all his books, records, and communications
and which is mechanized so that it may be consulted with exceeding speed and flex-
ibility.” He continued by describing how a person might call up two documents and
enter a link between the two of them. At a later point, when one of the documents
is displayed, the link may be followed to retrieve the other effortlessly.

Bush’s vision may have been somewhat unrealistic at the time, but it is eerily
on target from a modern perspective, and even by the late 1960’s, it was already
a reality. The Brown University Hypertext Editing System was not only a text
editing system, but also “a reading machine on which to browse and query written
materials having complex structure”[CGNT69] (one of the authors of that system was
Ted Nelson who had coined the term “hypertext” a few years earlier). The “oN-Line
System” (NLS) developed by Engelbart and others at the Augmented Human Intellect
Research Center at Stanford Research Institute represented text in an outline-like
hierarchy and allowed arbitrary links between the parts of the text.[EE68]

In the midst of bold statements that hypertext would eventually replace the
printed word, there were already rumblings of potential pitfalls:

Since it is rather easy to get lost in a complicated hypertext, we plan
to look into displaying its graph structure in a variety of ways. A parts
graph may be drawn for the simple case, but how does one display several
hundred cross links in one area?[CGN*69]



By 1974, Nelson was expressing concern for the potential complexity of the hypertext
networks—“It could also get you good and lost”[Nel74]—though he optimistically
suggested that a simple stack of previously visited documents (a backtracking mech-
anism) would eliminate the problem.

Nelson was correct that a history tracking approach is useful, and most mod-
ern hypertext systems include such a feature. However, such a simple navigation
aid is far from sufficient to avoid disorientation in the hypertext. Numerous other
approaches have been suggested, among them: commands to go directly to known
locations,|]AMY88] graphical maps and browsers,[N0i93,Fri88] even making all links
“invisible” to reduce clutter.[IB90]

This work, however, focusses on one particular approach to addressing the navi-
gation problem: link typing.

1.2 Importance of link typing

A link in a hypertext is, at its most basic level, a connection between two units of text.
Without any further information describing the link, it serves merely as a starting
point for jumping to an unknown location. A few systems (such as the World Wide
Web) do not support link types per se,? forcing the hypertext author to include link
annotations in the text itself (e.g.“for a definition of hypertext click here”).

A type is an attribute assigned to a link. (The word “type” in this context bears
only some similarity to its use in programming languages—as in the “type” of a
variable—and the two notions should not be confused. For example, a link could
be assigned multiple, quite contradictory types, an disallowed situation in most pro-
gramming languages.) The link attribute gives some idea of the effect of following
the link, thereby yielding a more powerful hypertext.[You90] The importance of link
types is regularly mentioned in the literature:

e Parunak talks about how typed links can be used selectively to simplify the
overall topology. “If links are classified by different types, the topology induced
by links of any one type may be much simpler than the overall topology of the
entire system.”[Par89]

e Conklin argues that one solution to the “lost in space” problem “...is to apply

standard database search and query techniques to locating the node or nodes
which the user is seeking. This is usually done by using boolean operations
to apply some combination of keyword search, full string search, and logical
predicates on other attributes (such as author, time of creation, type, etc.) of

2The Web has links which behave differently—e.g., which invoke ftp or which use a gopher
protocol—but the logical nature of the link is not part of the link itself.



nodes or links.”[Con87] That is, the link type can be used to select only links
which interest the user at the moment.

e Lucarella describes how link types can be useful when an inference-style infor-
mation retrieval system is being used within a hypertext.[Luc90] (This approach
is even more valuable if real-valued weights or “belief values” are included with
the link type—something which the techniques of this thesis can easily provide.)

e Marshall and Shipman claim that “...[links] can be used to articulate specific
semantics for interconnection. ... These links make structure explicit, and are
thus useful in writing, argumentation, problem structuring, or capturing semi-
formal knowledge representations of a domain.”[M193]

e A hypertext browsing system may choose to behave differently when different
types of links are selected by the user. For example, a “glossary” link might
cause a pop-up window to be displayed, while a “view related documents” might
replace the current document with a summary of several documents.

Almost all commercial and research hypertext systems provide at least a minimal
notion of a link type. Some examples include:

e Engelbart’s NLS system[EE68] had simple types based mostly upon document
structure—e.g, link to list tail, list head, sub-heading, etc..

e Xerox PARC’s Notecard allowed the user to provide a label for every link which
indicated the link’s purpose.[Hal88] (Irler and Barbieri call these “labelled”
rather than typed links.[IB90])

o KMS supports two basic link types: structural and annotation.[AMY88]

1.2.1 Types of link types

Despite the importance of link types, it is surprising that there is so little agreement
about what link types should exist. Most hypertext systems appear to add link types
in an ad hoc manner, trying to add all the ones that occur to the programmers.

At least two researchers, however, have attempted to create a list of all hypertext
link types that can occur. At first, Trigg’s list of the 80 link types[Tri83] seems a bit
presumptuous, but he does not claim it is exhaustive. Instead, he argues that the
disadvantage of limiting the number to 80 types is out-weighed by the special process-
ing that might be possible given a known set of link types. Others agree that some
advantage may accrue from forcing a hypertext author to choose from a limited set of
types: “Link types provide a local view of the roles of individual links but give little
indication of how the set to which the links belong is structured. With the variance of
link types from system to system, particularly where link types are user-defined, they



may not even be consistently interpreted or generally understood.”[You90] Using a
pre-defined (albeit not all-inclusive) set of link types would help with interpretation.

Parunak draws from the discipline of Discourse Analysis to develop a taxonomy
of possible hypertext links.[Par91] It is not clear that Parunak’s taxonomy will prove
to be universal, but its nature is inherently extensible: newly defined link types can
usually be located within the taxonomy. Chapter 3 describes Parunak’s list in more
detail.

1.2.2 Typed links—a panacea?

Type annotations on links are undoubtedly important and useful for hypertext navi-
gation. However, they do not completely solve the “lost in hyperspace” problem. van
Dam rightly claims that “...in a sense hypertext gives us a goto, and a goto, as we
all know, produces spaghetti.”[vD88] In that view, a typed link is just a special type
of goto statement—and “attaching names to arbitrary transfers of control would do
little to aid understanding.”[You90]

Despite their limitations, the discussion above makes it clear that link types are
useful and there are tremendous benefits to be gained if we can determine the link
types automatically.

1.3 Manual vs. automatic

Significant research has been done in the area of automatically creating hypertext
from linear text, however almost without exception the methods have relied upon
pre-existing mark-up for the text (e.g., SGML annotations), or have used a pre-
constructed knowledge base to derive the links. The former condition is limiting since
so much text exists (and continues to be created) without annotated structure. The
latter 1s limiting because knowledge bases are very difficult to build for unrestricted
subject areas.[Sal91]

Bernstein’s hypertext “apprentice”[Ber90] is one of a very few systems which use
techniques similar to those which will be presented in this thesis. The test-bed for
his work was two very small pre-existing hypertexts (each fewer than 200 hypertext
“pages”) which he attempted to augment by finding additional links. Although Bern-
stein was moderately successful, he felt the possibilities of automatic linking (using
his techniques) were limited and he stopped at that point. His negative conclusions
may have been a side effect of using a less sophisticated text analysis tool than that
used in this work.

Stotts and Furuta’s xTed system can automatically detect structure—but only
if the structure clues have been pre-specified in a grammar.[SF90] Wilson’s Guide



system builds complex legal hypertexts, but relies upon fairly standardized vocabulary
in the legal domain.[Wil90]

Dynamic hypertexts such as that proposed by Shibata and Katsumoto[SK93] nec-
essarily provide automatic hypertext links (they are created on demand rather than
in advance). However, their system requires an extensive knowledge base to be usable
in a general setting.

The methods described in this thesis work in the presence or absence of pre-
existing structural mark-up—they can use the mark-up to improve performance, but
do not require it. The methods work irrespective of the subject matter of the material
in the document collection—it may be specific to any topic, or it may span numerous
topics. Finally, these methods do not require any human intervention (though minor
manual adjustments can be useful for improving effectiveness slightly).

1.4 Thesis summary

This thesis, then, explores methods for automatically determining the type of a link
between two documents or document passages—and for automatically locating the
link before typing it. Although there has been substantial research related to building
hypertext links and displaying them, this work represents the first significant and
successful efforts at creating and typing such links on arbitrary collections of text
without user intervention.

Chapter 2 reviews recent Information Retrieval work in combining local context
information with global similarities to create a more robust measure of document and
query similarity. The chapter continues by reviewing a technique for selecting pas-
sages from a document which are believed to answer an information need better than
the entire document. The resulting “part retrieval” has been shown to increase the
number of significant documents retrieved while simultaneously causing a dramatic
reduction in the amount of retrieved text.

Chapter 3 draws upon work from the field of Discourse Analysis to present classes
of link types which are useful in a hypertext. The chapter discusses which of those
classes can be automatically recognized using simple pattern matching techniques,
which can be found automatically using the techniques of this thesis, and which are
currently beyond the state of the art for automatic detection.

The major contributions of this thesis are in Chapters 4 and 5. The first presents
methods for visualizing and describing the relationship between documents or docu-
ment passages. New graphical methods are demonstrated which are useful for illus-
trating such relationships.

Chapter 5 presents algorithms which analyze the pattern of relationships between
the documents’ component subparts and thereby permit the automatic detection



of several relationships: subtopic, related topic, condensed or expanded treatment,
extracted passage, revised document, and so on. The resulting relationships between
documents can be used to construct a hypertext automatically and to provide some
clues to alleviate the navigation problem.

Chapter 6 presents the results of an informal evaluation of the reasonableness of
the automatically generated links. The evaluation is made by presenting a set of
automatically-generated links to users and asking for their rating of several aspects
of the linked documents’ relationship. The evaluation does not conclusively support
the link typing of Chapter 5, but neither does it refute the approach.

1.5 Experimental setting

All experiments were done using the Smart information retrieval system. Smart was
developed over the past 30 years under the auspices of Gerard Salton, primarily at
Cornell University. The current version of the system, Version 11, was designed and
written primarily by Chris Buckley.

For these experiments, a collection of legal documents from the 1988 and 1989
Federal Register (470Mb from the TREC collection) is used.[Har92b] This collection
includes 46,315 documents ranging in size from 94 bytes to over 2.6Mb (the average
document size is 10.2Kb). Examples are also taken from the 26,000 article Funk
and Wagnalls encyclopedia,[FW79] and from a small collection of Computer Science
Technical Reports.

Experiments were run on any of several Sun SPARC workstations.



Chapter 2

Document Linking

The Information Retrieval techniques of clustering and classification both provide
natural means for automatically generating groups of related documents. When the
documents in a collection are grouped by a sufficiently robust measure of similarity,
those groups will provide natural anchors for hypertext navigation.

This chapter presents a high-quality, robust method for automatically finding
relationships between documents in a collection. We also show that for larger docu-
ments, it 1s necessary to violate the integrity of the document and find relationships
between parts of documents rather than their entirety. The texts—whole or partial
documents—which are related to a given document form the desired source and des-
tination of a hypertext link. That link can then be typed as will be described in
Chapter 5.

We begin by reviewing the model used for retrieval and then show how retrieval
works in practice. Next, a reasonably new global/local restriction method is described
which improves the likelihood that matched documents are related. Finally, the issue
of passage handling is addressed.

2.1 Vector space model

The well-known vector space model provides the framework for document comparisons
throughout this work. In that model, each query and each document in a collection
is represented by a wvector: pairs of concepts and non-negative weights signifying
the importance of each concept within that document. Once documents or queries
are converted to vectors, they can be compared by measuring the angle between the
vectors. If two vectors lie near one another, the assumption is that their corresponding
documents or queries are similar.[Sal75]



2.1.1 Term weighting

For small collections, the index concepts could be manually assigned, but when large
numbers of documents are being processed automatically, it is standard to use the
terms of the documents as the concepts—and automatic techniques are just as effec-
tive as manual approaches.[Sal68]

All of the documents in the collection are broken into their constituent words.
The words are then reduced to their root form, so that act, actor, acting, and so on
are treated as the same concept. The resulting set of { unique concepts is used to
represent each document in the collection by assigning a weight to each concept for
each document.

In a high-quality system, the term weight is typically based upon three compo-
nents:

tf (term frequency): the frequency of a concept’s occurrence within a document: the
more often a concept is used, the more likely it is that the concept is important
within that document,and the more heavily weighted that term should be.

idf (inverse document frequency): is related to the number of documents in which
the term occurs. A term which occurs in a small number of documents is useful
for distinguishing one document from another, whereas a term which occurs in
all documents has no value in that regard. So a good term weight is inversely
proportional to the document frequency of the term.

norm (normalization): normalization of term weights is used to prevent very long
documents—where terms occur frequently and are heavily weighted by the tf
factor above—from dominating much smaller documents.

A typical non-normalized weight for term 7} in document D; is:

Uik = tfik log(N/nk) (2.1)
((tfﬂ L(idf??

where N is the number of documents in the collection, if;; is the term frequency of
term T} in document D;, and nyg is the number of documents in which term 7} occurs
at least once. A typical normalized weight is created by applying length normalization
to yield a vector of length 1.0:
wip = __ Uk (2.2)
=1 V3
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Note that in both equations 2.1 and 2.2, concepts which do not occur in a document
are given a weight of zero; all other weights are positive.

With these equations, non-normalized term weights v;; are directly proportional
to the term frequency. If documents D; and D; are identical except that term 75
occurs twice as often in D; as it does in Dj, then v;p = 2v;;. On the other hand,
normalized term weights w,; are related to the proportional term frequency—i.e., to
the proportion of vector length contributed by that term. So if term 7} occurs twice
as often in D; as in D; (and as before, the documents are otherwise the same), then:

Vik

T2
\/2o0=1Vjp

205k
V(Zhor vf) + 303,
205k
|1D;| 12 + 30,

Wi =

1+ 3”jk
AR

2

Wi ——F———
Ve

So the increase in the term’s weight depends upon that term’s contribution to the

total length of the vector: the more “significant” the term, the less its weight will
increase.

It is important to understand the effect of normalization on term weights so that
an appropriate weighting scheme can be selected. For example, when the weight
should clearly reflect the number of common terms, normalization is inappropriate.

2.1.2 Vector similarity

Given two vectors, @ and v, their similarity is measured by their inner product:
sim(u,v) = u-U (2.3)

t
= Z Ujv;
1=1

If the vectors are normalized to have length 1, equation 2.3 is exactly the cosine of
the angle between the two vectors. In that case, similarities range from 0.0 for totally
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orthogonal vectors (no terms in common) to 1.0 for totally identical vectors (all terms
in common and in the same proportion).
When the vectors are not normalized (as in equation 2.1), the similarity is:

sim(, #) = cos 6 - || - ||

Here the similarity is the cosine of the angle between the vectors, multiplied by the
length of each vector. The similarity can range from zero for orthogonal vectors to
arbitrarily large for extremely long documents.

Because non-normalized term weights are proportional to the term frequency, the
similarity in that case will be larger when frequently occurring terms are in common.
As a result, non-normalized term weights are useful when the similarity should re-
flect the number of terms in common, and normalized weights are useful when the
similarity must reflect the proportionate use of terms within the two documents.

2.2 Retrieval

To find a group of documents which is related to a chosen document D;, the set is
selected whose vectors lie closest to D;’s vector. The set is ordered by the cosine of the
angle between the vectors, so the most similar documents are listed first. Depending
upon the needs of the system, either a fixed number of nearby documents can be
retrieved, or only those documents whose vectors are within a chosen ¢ from D; are
chosen. Finding those documents can be done in many ways, but an inverted file is
the most efficient for large databases.[Sal75]

Table 2.1 shows the result of using this technique to find the 20 documents most
highly related to an encyclopedia article discussing “March music.” The most highly
similar document is the starting article itself which has a (normalized) similarity of
1.00 (same terms in the same proportion). Many of the listed documents are clearly
related through their discussion of music; however, quite a few documents should
not have been selected. The non-relevant articles are marked with an “N” in the
“Rel?”  column.! One document, Rhythm, is of marginal relevance—the Musical
rhythm article is clearly relevant, however. The documents marked “X” are cross
reference articles that lead the reader to a more useful article: in this case, every
document marked “X” in Table 2.1 points to a relevant document also in the table.

1 “Relevance” is highly subjective and so can vary greatly with each person. In this case, articles
are considered relevant if they mention March-style music in some fashion.
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Table 2.1: Documents similar to March (music)
(N=non-relevant; X=cross reference; 7=marginal relevance)

Num Sim Rel? Title
14966 1.00 March (music)
1. 21548 0.43 Sousa, John Philip
2. 14965 0.39 N  March (month)
3. 14969 0.30 N  Marche
4. 16928 0.21 N  Northern Expedition
5. 14313 0.20 N  Long March
6. 12088 0.20 N  Infantile Paralysis, National Foundation for
7. 15520 0.19 X  Meter (music)
8. 14968 0.19 N  March of Dimes Birth Defects Foundation
9. 16287 0.18 Musical Rhythm
10. 7551 0.17 Drum (musical instrument)
1. 9284 0.17 N  Fraser, Malcolm
12. 14967 0.17 N  March, Fredric
13. 21404 0.14 X  Snare Drum
14. 16282 0.14 Music, Western
15. 19582 0.14 7  Rhythm
16. 12520 0.14 Jazz,
17. 12494 0.14 N  Japanese Music
18. 21938 0.14 X  Syncopation
19. 14970 0.13 N  March to the Sea
20. 22038 0.13 X  Tambourine
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2.3 Global-local restrictions

The incorrectly chosen documents of the previous section arise because of ambiguous
vocabulary usage: march can be a type of music, a month of the year, the name
of person or organization, or the name of a geographical region. This problem has
been the source of substantial research in the two decades since the introduction of
the vector space model and is receiving attention more recently also. Often-proposed
solutions to this problem appeal to various natural language processing (NLP) or
artificial intelligence research areas: determine the part of speech,[XB(C94] isolate
meaning using a thesaurus,[Voo93,San94| parse and attempt to place the documents
in case frames,[CC92] and so on.

Those techniques, however, tend to have difficulty if the subject area is not con-
strained or if there is inadequate time to train the algorithms.[CC92] Research within
the past 5 years has focussed on larger texts, where it is fortunately possible to fall
back on simpler techniques. Wittgenstein’s “use theory” of meaning states that the
meaning of a word is determined completely by how the word is used.[Wit53] This
theory suggests that it should be possible to distinguish the meanings of march by
examining the contexts in which the word occurs.

To that end, if two documents have a sufficiently high similarity, the documents
are decomposed into smaller pieces—usually sentences, though paragraphs, sections,
groups of sentences, or even phrases are possible—and each piece of one document is
compared to each piece of the other. If there is no pair of pieces with similar enough
context, then there is no common usage of vocabulary between the two documents.

The context of two pieces is usually compared by considering three measures:

1. The overall similarity between the vectors corresponding to the pieces. Because
we are interested in the use of words, the similarity is usually non-normalized—
i.e., the number of words in common is important, not their proportion. Values
ranging from 10.0 to 75.0 are frequently used.

2. The actual number of terms in common. The similarity is proportional to this
number, but it is often desirable to ensure that at least a minimum number
of terms match. To require that a single term does not cause the match (a
possibility if the term occurs frequently in the document or vary rarely in the
collection), this measure typically must have value 2 or 3.

3. The contribution of the most highly weighted term toward the vector similar-
ity. This information is typically used to prevent a very highly weighted term
combined with several content-free words, from passing the other criteria. A
value of 90% or 95% is typical.
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Table 2.2:  March music documents, sentence match
N=not relevant, 7=marginal relevance, -=also in Table 2.1

Num Sim Rel? Title

14966 1.00 . March (music)
1. 21548 0.43 : Sousa, John Philip
2. 16287 0.18 : Musical Rhythm
3. 7551 0.17 . Drum (musical instrument)
4. 16282 0.14 - Music, Western |
5. 12520 0.14 . Jazz
6. 854 0.13 American Music
7 8815 0.13 Fife (musical instrument)
8. 21933 0.12 ? Symphony
9. 16284 0.12 ? Musical Form
10. 2067 0.12 Band

Rumba

Popular Music

Chamber Music

Sonata

Mussorgsky, Modest Petrovich
Program Music

. Folktales

18, 9045 0.10 Folk Music

Indian Music
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Table 2.2 shows the result of applying a sentence restriction to the same “March
music” search of Table 2.1. In this case, the sentences were transformed into vectors
with non-normalized weights. If there did not exist even a single pair of sentences
with a similarity of 70.0, with at least 2 terms in common, and with the most heavily
weighted term contributing no more than 95% of the similarity, the document was
removed from the list.

Table 2.2 clearly shows the effectiveness of this approach: the only documents
from Table 2.1 (marked with “”) are the relevant documents which were not cross
reference articles. The 15 documents which failed the sentence restriction were re-
placed by additional documents (numbers 6 through 19 in Table 2.2). Only 4 of the
14 newly retrieved documents are actually relevant to the query, but such a result is
not surprising considering the extremely low similarity of the documents compared
to the query—in this collection, any similarity below 0.20 is suspect, and anything
below 0.15 is quite weak (the dashed line marks the 0.15 similarity boundary). These
new documents pass the local restriction, but their global similarity is too weak for
the match to be considered significant.

The effectiveness of this relatively new approach has also been demonstrated
repeatedly with objective measurements.[SA93,SAB93,SABS94] Recent work has
achieved similar success with a slight variation of this approach which computes a
new similarity by combining the global and local similarities (rather than discarding
documents which fail to achieve a high enough local similarity).[BSAS94]

2.4 Part retrieval

A document collection such as the Federal Register contains documents with sizes
ranging from 94 bytes to over 2% megabytes (more than 500 pages). In collections with
such large documents, it is reasonable to expect a user to become tired of scanning
large documents for relevant material. It is desirable, therefore, for a retrieval system
to automatically determine the portion of a document which is the best match to the
query—or to another document. Such a feature has been rare in retrieval systems
until quite recently, when the sizes of on-line documents grew substantially: from
short abstracts to full texts of documents.

For any retrieval system to select the preferred portion of a document, the doc-
ument must be broken into smaller pieces. Many modern documents are annotated
with some form of mark-up language (e.g., SGML or TEX) which can often be used to
find the logical breaks in the text. For non-annotated parts (sentence breaks appear
to be marked only rarely), simple pattern matching suffices. Note, however, that
the patterns often cause incorrect sentence breaks—they should be used with that
in mind. (Determining paragraph breaks with such an approach is straightforward;
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Table 2.3:  March music documents, retrieving sections
N=not relevant, 7=marginal relevance

Num Sim Title
14966 1.00 March (music)
1. 21548 0.43 Sousa, John Philip
2. 9046.c7 0.27 N Folktales
3. 12520.c6 0.22 Jazz
4.  7551.c4 0.19 Drum (musical instrument)
5. 16287 0.18 Musical Rhythm
6. 854.c7 0.17 American Music
7. 16282 0.14  Music, Western |
8.  2067.c3 0.13 Band
9. 21933.c7 0.13 7?7 Symphony
10. 8815 0.13 Fife (musical instrument)
11. 21519.c4 0.13 N Sonata
12. 16284 0.12 7 Musical Form
13. 19977 0.12 N Rumba
14. 12038.c5 0.12 7?7 Indian Music
15. 18625 0.12 N Popular Music
16. 4973 0.11 N Chamber Music
17. 16306 0.11 N Mussorgsky, Modest Petrovich
18. 18854 0.11 7 Program Music
19. 9045 0.10 Folk Music

some work has been done toward identifying section boundaries.[RS94])
In Table 2.3, the “March music” search was changed to allow sections of documents
to be retrieved. This change has two noticeable effects on the retrieved documents:

1. A section of a document may have higher similarity to the original document
than did the entire document. The most noticeable example of that is the
Folktales document which moved from 17th to 2nd in ranking (perhaps unfor-
tunately given than the document is not relevant to the original document—the
Marchen, or fairy tale, is one type of folktale). In some cases, new documents
may appear in the “top 20”7 list because a part of the document is strongly
related, but the extraneous material in the document as a whole depresses the
overall similarity.

Other than the Folktales article, every case where a section of a relevant docu-
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ment was chosen, it is the best possible section of the document: the origin of
Jazz in small marching bands, how drums are used in marching bands, Sousa’s
march music as part of the history of American Music, mention of marching
bands as a type of band.

2. The total amount of retrieved text is substantially reduced. The documents
listed in Table 2.2 amount to roughly 222-thousand characters of text. The
documents and sections listed in Table 2.3 amount to only 135-thousand char-
acters, a 39% reduction in presented text.

This reduction in presented text is useful for sifting through documents for
relevance or non-relevance, or for understanding why a document was retrieved.
For example, in the Indian Music article, the selected section discusses the
rhythm and time-keeping aspects of Indian music, presumably the portion of
the document interesting to someone interested in march music.

When the part retrieval is extended to allow paragraphs to be selected—if the para-
graph is a better match than its containing section—the results change again. Ta-
ble 2.4 shows that a paragraph of American Music is now ranked 2nd, where the
entire document (and also its best-matching section) were both ranked 6th. The to-
tal amount of text contained in the retrieved documents and parts is 113-thousand
characters, a 16% reduction from when sections were allowed, and a 49% reduction
from entire document retrieval.

Again, the part retrieval clearly identifies that portion of the document which is
believed most relevant to the query. In every case of Table 2.4 where a paragraph
was retrieved in place of an entire document, it is the paragraph most related to
marching music. In the cases where relevance is marginal, the selected paragraph
is the paragraph which is somewhat relevant. Even in those non-relevant cases, the
identified paragraph makes it clear why the document is listed—e.g., paragraph 24
of Popular Music discusses the rhythmic elements of rock and roll music in a manner
very similar to the discussion of rhythm in March music.

Little work has been done toward evaluating the effectiveness of part retrieval.
This absence is primarily the result of the lack of an experimental collection which
includes relevance judgements for parts of documents. (The lack of such a collection
is partly due to the difficulty of deciding upon the “most relevant” passage, but is also
due to the relatively new nature of document part research.) Some related work has
been done which uses passage-query similarity to adjust the global similarity of doc-
uments.[Cal94] Some experiments have suggested that retrieving passages improves
precision but has little impact on recall.[Wil94] New approaches using, for example,

Hidden Markov Models are also being suggested and claimed feasible.[MS94]
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Table 2.4: March music documents, retrieving paragraphs

Num Sim Title
14966 1.00 March (music)
1. 21548.p4  0.50 Sousa, John Philip
2. 854.p25 0.44 American Music
3. 9046.c7  0.27 N Folktales
4. 12520.pl6 0.24 Jazz,
5. 7H51.p8  0.19 Drum (musical instrument)
6. 18625.p24 0.18 N Popular Music
7. 16287 0.18 Musical Rhythm
8. 16282 0.14  Music, Western |
9. 21519.p5 0.14 N Sonata
10. 16306.p4 0.14 N Mussorgsky, Modest Petrovich
11. 21933.p14 0.13 ? Symphony
12, 2067.c3  0.13 Band
13. 8815 0.13 Fife (musical instrument)
14. 16284 0.12 7 Musical Form
15. 12038.p12 0.12 7 Indian Music
16. 19977 0.12 N Rumba
17. 4973 0.11 N Chamber Music
18. 18854 0.11 N Program Music
19. 9045 0.10 Folk Music
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2.5 Linking documents

If two documents are believed to be similar to one another, there is a relationship
between them. If the two documents are part of a hypertext collection, a link can
be created between them. Note that there are several options for selecting which
documents or passages to link to the starting (query) document:

1. Create a link to the matching document or to the best passage (or passages) of
that document. For example, based upon the information in Table 2.4, a link
might be created from March music to John Philip Sousa, or just to the 4th
paragraph of the Sousa article.

2. Create a link between the parts of each document which are most similar. The
analysis above, for example, used the entire March music article. However, the
4th paragraph of Sousa is most similar to the 3rd paragraph of March musiec.
So it would be reasonable to make the link between the two paragraphs.

3. Create links from the query document to all sufficiently similar documents (or
parts). That would mean creating 7 links from the list in Table 2.4.

4. Create links between all of the documents similar to the query document. That
expands the 7 links to 28 (or 56 if the links are not symmetrical).

5. Create links between documents even when they fail the local similarity check.
Such links would be typed differently, but can occasionally be interesting. In
the example, that would incorporate the 8 documents marked N in Table 2.1.

Using some set of those choices, it is possible to create a hypertext such as that rep-
resented in Figure 2.1. In that figure, 42 documents were linked whenever there was
a strong-enough similarity between them. That set of documents was constructed
by starting with the 4 articles most similar to the article on March music, and then
adding up to 8 documents most similar to each of those, and finally up to 4 docu-
ments most similar to each of those. (This process could have proceeded until no
more documents were linked to the set, but the complexity of such a web is already
apparent.)

Chapter 5 will discuss these approaches in more detail and determine the link
types to which they correspond.
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Chapter 3

Taxonomy of
Hypertext Link Types

A link type is a description of the relationship between the source and the destination
of a link. As such, it cannot be determined by considering only the destination
document: the document could be an ezample of one concept, and a counter-example
of another. Nor are link types symmetrical: following a link may lead to an expanded
discussion of a topic, but returning along the link will clearly not do the same.

In hypertext systems such as the World Wide Web, which do not incorporate link
types, a writer entering links into the hypertext is forced to include implicit link types,
usually by describing what is at the link’s endpoint. (Note that since the description
is in the source, the implicit type describes the relationship, not just the destination.)
Some examples taken from the WWW show how this is achieved (the link’s source is

presented in italics):

If you would like to comment on The Asylum, then use Quick Takes or
you can send us a message.[The94]

The list of CSD reports and their respective prices is here.[Ber94]

You may also list all the TRs indexed by this server, sorted either by
author’s last name or by number.[Ber94]

Please see the disclaimers and other information about our server.[Cor94]

...important links to the people and places working to make a customer
driven government a reality.[N1.94]

Such implicit link types are reasonable in many cases, but become cumbersome when
less explicit link types are used or when there are multiple possible destinations from
a starting point. Although some of the awkwardness is actually a Human-Computer

21
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Interaction issue,[Sal90] more of it is the result of forcing the link type to be embedded
in the running text.

It is preferable, therefore, to include the type of a link with the link itself. The
types could be arbitrary labels assigned by the writer,[Hal88] but if the types are
from known classes it is possible for hypertext browsing software to take advantage of
that information and act in a manner appropriate for that class of link. (This view of
links is reminiscent of object-oriented approaches: the “follow link” action is possibly
different for each class of link types.)

Chapter 2 demonstrated how Information Retrieval techniques can be used auto-
matically to find related documents and link them together. It further showed that it
is possible to select passages automatically from the documents for linking. Chapter 5
will develop automatic methods for describing the relationship between documents
or passages more specifically than just “related.” In order to do that, however, it is
necessary to determine what types of hypertext links can and should exist.

3.1 Taxonomy of link types

Links can be divided into classes in several ways. Trigg provides the major divisions
of internal “substance” links and external “commentary” links.[TW87] Each of those
is then broken down into sub-classes, which may then be broken into sub-sub-classes,
and so on. In all, Trigg provides a set of 80 classes of link types.[Tri83]

Parunak draws upon the field of Discourse Analysis to present “classes of link
types that are useful in hypermedia.”[Par91] Discourse analysts are interested in un-
derstanding the nature of communication with language, and have developed a tax-
onomy of relationships between “predications” or arbitrary passages of text.[Lon76,
Lon83] With that as a basis, Parunak develops his own hierarchy of hypertext link
types, including 27 types in 3 broad categories: revision, association, and aggregation.

In this work, we will present an amalgam of known link types and divide them into
three major categories based upon whether or not their identification can be achieved
automatically. The three categories are Manual, Pattern-matching, and Automatic.
Some link types, unfortunately, straddle the boundaries, depending upon document
collection being linked—e.g., it is possible to identify some types of links if the subject
area is small enough and known in advance, where the link type cannot be recognized
in a general setting.

3.1.1 Pattern-matching links

This first broad class of link types are those which can be found easily using simple—
or sometimes fairly elaborate—pattern-matching techniques. An obvious example of
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such a link type is “definition” which can be found by matching words in a document
to entries in a dictionary. In almost all cases, these links are from a word or phrase to a
small document, and will occur outside of any specific context—i.e., the destination
document may be the same for the word or phrase, no matter where the word or
phrase occurs.

We also group structural links into this class. Structural links are those that
represent layout or possibly logical structure of a document. For example, links
between chapters or sections, links from a reference to a figure to the figure itself,
and links from a bibliographic citation to the cited work, are all structural links. We
include this with pattern matching links because they are typically recognized by
mark-up codes that are already embedded in the text. Even when a document is not
marked up, structure is usually approximated using pattern analysis.[RS94]

The following classes of links which were identified by Parunak and Trigg, fall into
the “Pattern-matching” class:

Content links have as their source, words which name a proposition, and as their
destination, that proposition. Links to graphics, audio, or other non-textual
items are content links, as would be a link from a bibliographic citation to the
cited work.

Identification links define or clarify the meaning of a word. Links to a glossary are
obvious examples of identification links.

Comment links are like an identification link except that they do not restrict the
meaning of the word or phrase in anyway: instead they provide additional,
elaborative, information.

Orientation links have as their destination, information about the location, time, or
circumstance of the material in another node. Some of these links—e.g., dates,
names of companies, names of people, locations, monetary amounts—can be
found automatically with simple pattern matching routines.[CU94]

Legal case aggregate links connect the various aspects of a legal case—e.g., fact,
issue, rationale, precedent, decision, and so on. Some success has been achieved
in automatically isolating some of this information since the legal domain has
a fairly well-specified and rigid vocabulary.[Wil90]

Software module aggregate links are actually more like a set of annotations of
a program, identifying constants, functions, etc., allowing some form of “re-
use” of common features. Since programming languages have a grammar, it
is relatively straight-forward to decompose a program automatically into its
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component pieces and store them in a database. (The difficulty is then deter-
mining a specification for the component so that it can later be retrieved for

re-use.[CFGI1])

Structural links are found by mark-up codes or text patterns that represent the
beginning and end of various structural components of a document. In general,
structural links are found because a large document is decomposed into several
smaller hypertext nodes. The structural links are easily remembered as the

document is analyzed.[NLBHS88,Stu85]

3.1.2 Manual links

Pattern-matching links are a class which is easy to detect automatically. At the
extreme opposite end of the spectrum are “manual” links, those which we are currently
unable to locate without human intervention.

Identifying manual links requires text analysis at a level which the Natural Lan-
guage Understanding community is trying to achieve. They have had some significant
success within constrained subject areas, so some “manual” links could be automat-
ically described within those limited domains. Unfortunately, the techniques cannot
yet be extended to a general setting, so this class of link types remains inaccessible
to automatic approaches.

Manual links include the following classes from Parunak’s and Trigg’s taxonomies:

Circumstance links connect a document to a second document which describes the
circumstances under which the situation occurred.

Argument or discussion links collect together the important parts of a debate: the
issue, points pro and con, rebuttal, and so on.

Implication links describe relationships such as caused-by, purpose, condition, con-
trafactual, concession, warning, evidence, and so on.

3.1.3 Automatic links

Between the difficulty of manual links and the ease of pattern-matching links, is the
location of “automatic” links. These are links which cannot typically be located
trivially using patterns, but which the automatic techniques described in Chapter 5
can identify with marked success.

The automatic links which can be identified are:

Revision links are a very simple class of relationship between texts, including both
ancestor and descendent relationships. In the context of computer-edited mate-
rial where successive versions of the material are archived, either intentionally
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or as an artifact of the editing system, information which describes relations
in some “revision hierarchy” is crucial. Even when the revision occurs over a
much greater time—e.g., a revised edition of a textbook—it is useful to know
the relationship.

Some revision links are fortunately extremely simple to find and maintain auto-
matically, since they are flagged by the editing system—e.g., version numbers
of a file, backup copies of a text. (Those revision links would actually be clas-
sified as “pattern matching” links.) When that information is absent, however,
a different means must be used to find the relationship.

Summary and expansion links are inverses of one another. A summary link type
is attached to a link which starts at a discussion of a topic and has as its
destination a more condensed discussion of the same topic.

Equivalence links represent strongly-related discussions of the same topic.

Comparison and contrast links identify similarities and differences (respectively)
between texts.

Tangent links move from one topic to one which is similar, but in an unusual or
tangential manner. For example, a link from a document about “Clouds” to
one about Georgia O’Keeffe (who painted a mural entitled Clouds) would be a
tangential link.

Aggregate links are those which group together several related documents. An
aggregate link may actually have several destinations, allowing the destination
documents to be treated as a whole when desirable.

With the exception of equivalence links, found to a limited degree by Bernstein’s hy-
pertext “apprentice”[Ber90], no other system had been able to successfully identify
these classes of links in a collection of text covering an arbitrary subject area. Chap-
ter 5 explains how these link types can be identified without human intervention.
Chapter 4 first presents some novel visualization tools which inspire the approach of

Chapter 5.



Chapter 4

Relationship Visualization
Techniques

The graph of Figure 2.1 in the previous chapter is one way to represent the relation-
ship between large numbers of docu