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Abstract. We present an innovative approach to information retriefeal
domain-specific digital library collections. We use a conattion of Formal Con-
cept Analysis (FCA) and a notion @fformation anchorgo facilitate informa-
tion delivery to the end user. This approach (1) uses rankgetts in attribute
concepts to facilitate topical queries for experts and eigee profiles; (2) for-
mulates (keyword by keyword) context for concept latticastouction via a set
of heuristics, including those based on information anslior selecting descrip-
tive phrases, (3) bootstraps the learning of domain-speoifncept hierarchies
using FCA, and (4) incorporates the learnt concept hierescind WordNet for
content-based document classification. To demonstratieésility and utility
of this approach, we implemented a prototype online infaiomaretrieval sys-
temmemsworldonline.case.edu (MWOL) for the emerging engineering dis-
cipline of MEMS (microelectromechanical systems) incogting these ideas.
MWOL has been actively used by a non-trivial group of MEMSqpiteoners; all
user queries are processed in a fraction of a second as takisnkrse indexing
strategy using Berkeley DB. Voluntary user feedback usimigne forms has been
encouraging. However, no other systems with similar festare available for a
comparative study at this point.

1 Background

The content of the World Wide Web can be divided into two broattgories. One is
the “shallow Web”, referring to published Web pages diieeaitcessible by endusers
and search engines such as Google. The other, much bigdeofpgae Web, is the
“deep Web”, accounting for an estimated 99% of digital caotgén size [2]. These are
contents that are not directly accessible: they are eittwepted by access control or
require meaningful query to extract the content through-defined interfaces. Digital
libraries fall into the latter.

The scientific literature makes up the bulk of the contentslfgital libraries. Over-
time, the majority of the scientific literature publishedtire past has been digitized
and made available through digital libraries. Almost atufe publications will be ac-
cessible in digital format. Unlike the shallow Web, more t@s of the deep Web are
semi-structured,e., certain metadata information is available across thensielit-
erature, such asuthor, addresstitle, abstract date referencesBecause of this, query



interfaces for digital libraries can potentially allow fhigher-precision search, target-
ing contents in specific time-intervals and with specificweyds in title, author, or
abstract.

However, traditional digital library retrieval interfagdave not taken advantage of
the full potential dfered by its semi-structured content. We believe that thettre of
digital libraries makes it possible for the creation of a rgmwmeration of information
retrieval interfaces thatfter the user unprecedented precision and recall in content-
based retrieval, as well as new ways for information expioneand discovery, such as
expert identification, social network dynamics, and emmgydrend detectionTo this
end, we present an innovative approach to informationenatifor domain-specific
document collections. We use a combination of Formal Cangeplysis (FCA) and
a notion ofinformation anchorgo facilitate information delivery to the end user. This
approach (1) uses ranked objects in attribute concept<iiitdée topical queries for
experts and expertise profiles; (2) formulates (keyword é&yword) context for con-
cept lattice construction via a set of heuristics, inclgdihose based on information
anchors for selecting descriptive phrases, (3) bootsthaplearning of domain-specific
concept hierarchies using FCA, and (4) incorporates theieancept hierarchies and
WordNet for improved document classification. To demonstifae feasibility and util-
ity of this approach, we implemented a prototype online rimfation retrieval system
memsworldonline.case.edu (MWOL) for the emerging engineering discipline of
MEMS (microelectromechanical systems) incorporating¢hieeas. MWOL has been
actively used by a non-trivial group of MEMS practitionersirce the announcement
of the beta version to selected MEMS research groups at tth@fe@ctober in 2005,
users from 1475 distinct IP address have used MWOL to prd2e824 entries as of
Jan. 13th, 2006, and user base is growing at a steady ratsideéadng that our users are
domain experts and our systeankstheir expertise in various MEMS topical areas, we
feel that the positive comments we have received througblime web form, coupled
with the lack of complaints so far is a rather positive sigowdver, no other systems
with similar features are available for a quantitative canapive study at this point.

Related work. We refer to [29] for an informative survey of the applicasaf FCA
in several areas of information retrieval. We briefly mentioree pieces of work that are
relevant to some components of our integrated approadgt, Fif10], Cimiano, Hotho
and Staab use FCA for learning concept hierarchies and aentpair approach to
other clustering and learning methods on several specifitaitts. Although both [10]
and our work involve FCA, the particular context of the apations and the details
of FCAs usage are flierent in many ways. Our work is motivated by the recognition
that the incorporation of concept hierarchies can bringrowed precision for docu-
ment classification. On the other hand, Cimiano, Hotho aadStonsider the learning
of concept hierarchies as a stand-alone topic, withouti@iplpursuing any specific
applications in [10]. This higher-level distinction ersadifferences in specifics. For
example, Cimiano, Hotho and Staab make substantial use tofdd.anguage Pro-
cessing (NLP) techniques for parsingstructuredext corpora but we take advantage
of thesemi-structuredata derivable from the notion of information anchors, aedse
off-the-shelf NLP tagging programs. Because of this, the FO#teod we use for con-
cept hierarchy learning is of the tyfeywordxkeyword, instead of the more standard



documentxkeyword context in [10] — documents play an implicit role in our forlawu
tion of information anchors. This way, an iterative bo@pfsing process naturally fits
our approach. Moreover, our approach has been implemesifeattof the MWOL sys-
tem, which incorporates severatfdirent kinds of FCA contexts, related by the database
join operation, for attribute-concept retrieval. In othesrk, Bloehdorn, Cimiano, and
Hotho [3] explore ontology learning for use in text classifion and clustering appli-
cations. Their experiments reveal that automaticallyriedrontologies provide clas-
sification and clustering improvements similar to thosengdiwith manually created
ontologies. Earlier work by Bloehdorn and Hotho is alsovets [4].

Second, since we rank objects in queried attribute conceptseerical values are
unavoidable. Our relevance ranking approach is somewtsedeto multi-value con-
cepts [12] or fuzzy concept analysis [15, 30]. In our apphopiesented in this paper,
values for relevance ranks are either used for the ordersptation of results to the
user, or for thresholding to obtain a standard context,dasavhich a concept hierar-
chy is constructed. Thus the particular features of con@dgtales are not used in our
approach at this point.

Third, keyword selection is an important topic in FCA-basgdrmation retrieval.
This topic has been explored in a number of settings (e.d.g)9, [9] demonstrates
the advantage of noun phrases in selecting attributes flanizing the presentation of
retrieved results using FCA and evaluates the performahseoh a selection strategy
using certain lattice-based measures. In contrast, wehesedtion of information an-
chors in evaluating the quality of a keyword without an irptheNLP analysis and fea-
ture this technique in a working information retrieval €yst The idea of incorporating
background knowledge not captured by co-occurring keys/éod document cluster-
ing [16] is related to our incorporation of concept-hieraes for ranking document
relevance and classification. While the goal of clustersnmigroup related documents
into clusters, the task of classification is to determinertiievance of a specific docu-
ment to a specific query topic supplied by a user.

The rest of the paper is organized as follows. Section 2 dittes the notion of
information anchors. Section 3 briefly overviews the rolé$GA in our approach,
followed by heuristics for descriptive keywords in Sectgrand the bootstrapping of
ontology learning in Section 5. Section 6 provides an owwmof our search engine
environment MWOL incorporating the techniques descrilbeghirlier sections.

Remark. For readability, the terms concept hierarchy, ontologg &xonomy are
used as synonyms. The relationships among these termgigieally be carefully de-
lineated, though they are beyond the scope of the currewrtr g further discussions
we refer to [13, 14]).

2 Information Anchors

We approach the problem of information retrieval (IR) foesjal-domain document
collections using a combination of FCA and the informal aotof information an-
chors Our notion of information anchors is motivated in part by idea ofagents
in Artificial Intelligence (Al). While agent is a useful infmal concept that helps the



understanding and implementation of Al systems by assngiatcertain degree of au-
tonomy or boundary to subsystems that “process and reaictfdamation, information
anchors are entities that “possess and weave” informatypongmbining the active and
the passive). This is again a highhformal notion. A typical example of information
anchor is an article, which pulls together views and findengsind a central theme. An-
other example of information anchor is a Web page, usuallly wper links attached
toit.

There are other kinds of information anchors, concrete atratt, that have not
occupied a central role in traditional IR. These includeeagshers and institutions (or
organizations), as well as hubs in social networks (Citef&dés an example of social
network — citation network). Formal concepts from FCA cartbesidered as informa-
tion anchors as well.

The emphasis on a broader scope of information anchors hasatadvantages.
For example, instead of literally returning literaturegitining certain string patterns
in the traditional sense of “search”, one can elevate it &olével of more organized
return surrounding the information anchorge$earcherandinstitutions We call this
multi-perspective search

Topic aregResearchgt iteraturgInstitution
Topic areq X X X
Researcher X X X
Institution X X X

Table 1. Multi-perspective search.

Table 1 represents three sedplery modes: query by topic, query by researcher,
and query by institution. For each query mode, a user cawcts@heong several orga-
nized presentations for their search results. For exarfgplguery by topic area, a user
can input a free (i.e. not provided by the system) topicahplrsuch as “accelerome-
ters” with the option of retrieving any of the following typd results, which are not
available in traditional digital library interfaces or selaengines:

— aranked list of names of relevant authesperts;
— aranked list of relevant published literatyi@ations; and
— aranked list of relevant institutions associated with tigd area.

Another advantage is a new class of heuristics based omiiatiton anchors. For
example, when it comes to the selection of descriptive kegisrand phrases in Sec-
tion 4, traditional document-based ranking alone does rmtige satisfactory results.
Instead, by passing through researchers as informatidmasand then assessing the
distribution and significance of word-association and o@nce profiles, we obtain
much improved results.

Focusing on information anchors also allows us to look aividdal research pro-
file, institution research profile, community dynamics [3#}d emerging trends [18].



3 Roles of Formal Concept Analysis

We briefly recall some basic terminologies of formal conaaylysis and refer further
details to [12]. A(formal) contexis a triple G, M, |) whereG is a set obbjects M is a
set ofattributes andl € G x M is an incidence relation. Gived € G andA € M, we
define®’ :={me M | (g.m) €l forallge O} andA’ :={ge G| (g,m) €l forallme
A}. A concepbof (G, M, ) is a pair O, A) such thaD = A’ andA = O’. O is called the
extent andA the intent of the concept. Since the extent and intent of aegtidetermine
each other uniquely, it $iices to refer to one of them. Of particular interest to us is the
so-calledattribute concepaindobject conceptA concept O, A) is called an attribute
concept ifA = {a} for somea € M, and an object concept® = {o} for someo € G.
The central result of FCA is that contexts can be used to septecomplete lattices.
For any context®, M, |), the mapping ( ) : 26 — 2 constitutes a closure operator
on the powerset2

Formal concept analysis plays an important role in sevesagets of our approach.
Since title, author, address, and abstract text are egttdot each entry in our MEMS
collection, we already obtain a collection of contexts ia #ense of FCA. Classifica-
tion of the collection according to keywords provides aeotbontext, which can be
combined with the other contexts using standard databasepgeration to implement
additional features. For example, the query response dftafiauthors for a topic
area amounts to the derivation of the objects of an attribotecept for the context
type keywordsx(abstract id), joined with a context typeapstract id)xauthor. How-
ever, such contexts are kaptplicit in our system through the document classification
function. Moreover, the ranking of objects in the retrieegtlibute concept is a useful
feature not considered as part of FCA.

Another use of FCA for our approach is for learning conceptdrichies with re-
spect to the specific document collection in order to impnosecision for document
classification. A simple example can help illustrate thesaidA news article on a base-
ball game should be classified to sports, even though (arté gossibly) “sport” is
not explicitly mentionedanywherein the article. Humans are able to perform such
classification correctly because of acquired taxonomiocalkedge. For information
retrieval systems to be able to do the same, external kngwlsdch as this must be
used. Because of its philosophical, mathematical and ithgoic grounding (as well as
numerous successful case studies for conceptual moddii@g)is a natural candidate
for automatic learning of concept hierarchies or taxonamie

We describe the utility of these aspects of FCA in more détadlubsequent sec-
tions.

4 Constructing a Descriptive Keyword Set

Before a concept hierarchy can be built we must select tbp@avords to be used for
the construction of a formal context. The keywords must bedgadicators of topics
within the domain of interest and must be sensitive to theifipe&locument collection.
Keywords used in this work fall into two distinct categori¢$) those assigned by
the authors of the documents and (2) those extracted wittheuristic methods. We



utilize both types of keywords for the following reasons.tidar assigned keywords
are used not only because they are likely to be accurateipissrof content but also

because they often include higher-level keywords that atspecifically mentioned in

the document itself. However, author assigned keywordsafb not include the most
specific keywords of the domain, particularly those thatdbs the specific research
presented in the documents. For this reason, it is also itapbto extract additional

keywords directly from the source.

We use “terms”, “phrases” and “words” interchangeably @teghere a more spe-
cific meaning s clear. In this context they refer to a stringtainingone or morawords.
“Keywords” is used specifically for those words selected liny following techniques
as topical keywords for the domain of interest.

4.1 Author-Assigned Keywords

Although author assigned keywords are useful, they canmatsied in their raw state.
The most glaring issue is the shear number of keywords. Ircorpus, only 20% of
the documents have assigned keywords, yet these relataxlsfocuments have about
10,000 unique keywords. A concept hierarchy constructea such a large collection
keywords would not be useful for the MEMS field. As a comparijsiiie National
Library of Medicine’s MeSH (medical subject headings) @ms$ just under 23,000
descriptors to comprehensively capture the rich medidal. fledditionally, 86% of the
author-assigned MEMS keywords are assigned only to a sdmiament. By limiting
author assigned keywords to the most common ones, we canHienh to a manageable
amount. We use only those keywords which are assigned to emonim number of
documents, as a small percentage of the total number of deaisiraround 01%—
0.1%. Those keywords which are assigned to multiple docunteate been given a
sort of implicit census by the authors as being useful foffitid.

4.2 Keywords Derived from Documents

We obtain the second set of keyword phrases from the docwubettion by first con-
structing a candidate list of all potential key words, anertldistilling it using several
heuristics.

We limit phrase length to four words, which seems to be a gaodpromise be-
tween being long enough to include most worthwhile phrasesell as limiting the
number of possible phrases to a reasonable amount. Phrasesrasidered to be any
string found in the text containing at most four consecutieds and not containing
any stopwords. For this work we use a relatively aggressvef stopwords, for this
domain in particular we use the NASA ADS physics stopword[2§] which is used
by the NASA digital library. Essentially, phrases are thesges of consecutive words
that occur in between stopwords up to four words long. Addgily each word in the
phrase is stemmed using Burden’s stemming algorithm [8tdBuis is used rather
than Porter’'s because the Burden algorithm attempts taceeduords to their readable
english root, where the Porter algorithm makes no attemptaduce proper english
words. It is helpful to have actual english words in this exttecause the ontology
generated with the stemmed words may need to be evaluatedidypain expert. For



example, given “displays”, the Porter algorithm produceisplai” where the Burden
algorithm produces the true English root “display”.

Once a raw list of keyword candidates is formed, we perforrthir selection by
requiring candidate keywords to pass a certain threshaidyws combination of the
three heuristics discussed below. There is a great deakwiqus research dealing with
automatic keyword extraction [17,23,27]. Our simple antirpbdust heuristics takes
advantage ofinformation anchorgo achieve a reasonably sized yet quite descriptive
set of key terms.

The first type of heuristic is statistical. The intuition lredhthis heuristic is thaany
established sub-topic of a field will be practiced by sevdistinct authorsWe take ad-
vantage of this idea by usirigdividual authors as information anchoamd comparing
expected term occurrence with the actual term occurrerroedich author. The occur-
rence of terms in each author’s collections of documentsatyaed independently. The
actual occurrence value of terms is calculated as a peigenfahe number of papersin
which each term appears for each author who has authoredmummmumber of docu-
ments. This minimum is necessary because an author withedely papers could have
artificially high occurrence values. Term frequency petagas from the entire docu-
ment set are used as the expected term frequency valuestipacizon with the term
frequencies each author. If greater than a set thresholdtbbes have the term with
an occurrence value greater than the global occurrence sahied by some constant
it is accepted as a keyword passing this test. It is impotantquire enough authors
to have the keyword in order to eliminate words that occueroffimply due to author’s
individual writing styles. The constant and threshold usec are interrelated. If a high
scaling constant is used, fewer authors will be identifietiaasng the keyword, so a
lower threshold will need to be used. The threshold and emstlues used here were
selected through experimentation, although our appraaelmiendable to a variety of
optimization techniques.

The second type of heuristic is grammatical. Certain pédrtgpeech, particularly
nouns and noun phrases are more likely to be useful topigaldwels. Noun phrases
are phrases that include the noun and any noun modifiers.ghhamost topical key-
words are noun phrases, there are some exceptions. In theS\iekhain for instance,
manufacturing processes such as “wafer bonding” are anrirspbtopic, though they
are not described by noun phrases. For part of speech tagginge the MontyLingua
Suite of natural language tools [21]. The MontyLingua pdrsmeech tagger is based
on Brill's tagger [7] while additionally incorporating “comon-sense” knowledge. We
use MontyLingua to identify all nouns, noun phrases, andghutases in the corpus.

The final heuristic relies on term positions within the doeuts. The intuition be-
hind this heuristic is that the most important topical keysi&for any particular domain
will occur in prominent places within several of the docursen corpus. There are sev-
eral possible ways to exercise this intuition. The simphesthod, and the one used in
this work is to consider phrases occurring in the title asntlest important phrases in
a document. Additionally, titles are less likely to contakiraneous, non-useful terms.
Whereas this method is discrete in the sense that a phraigbéas grominent or not,
another possible method is to consider prominence as anconis variable where the
prominence of a phrase is directly related to the its digdrmm the beginning of the



document. The logic behind this is simple: the most impdrtigpics in a document are
generally stated early in the text, though this method isemigeful for short documents
or document summaries such as abstracts, as is the cas@ ffiewd.possible group of
techniques consist of sentential structure analysis {88sand summary methods to
identify the most prominent phrases. We chose not to uselti@go its increased com-
plexity and dependence on the particular methods chosen.

5 Bootstrapping Ontology Learning

The ontology learning process takes place in four iteratplss(Fig. 1). First, the con-

text is generated from the document collection with keywasdignments. Next, the
context is subjected to formal concept analysis, which geee the concept lattice and
in turn the ontology. At this point, the ontology may or mayt e fine tuned by a

domain expert. Lastly, the documents are reclassified bas@dormation revealed by

the new ontology. This series of steps is then repeatedamtiicceptable ontology is
produced. Keyword selection has been described in Sectibhelremaining steps are
discussed in more detail below.

1. Keyword set K(i)

// and context C(i) \\

3b. Document ranking
function R(i)

2. Concept lattice L(i)

3a. Indexed document
database D(i)

YES - terminate

Fig. 1. The iterative steps involved in bootstrapping.

5.1 Context Generation

Once keywords have been selected, the context can be gethég evaluated several
methods for context generation using various informatiwhars. They include: (1) us-
ing documents as objects and keywords as attributes, (&) ksiywords as objects and
co-occurring words as attributes, and (3) using keywordso#is objects and attributes.
In the first method, each document in the collection is anailgiad any keywords that
have been assigned to the document are considered to lbeit@idrof the object rep-

resenting the document. The second method consists of eastgkeyword identified

above as an object and words that occur in documents thatlesreassigned the key-
word and meet a certain threshold as the attributes of egehtobhe final method uses



keywords as objects where each object has a particular kelyagoan attribute if that
keyword occurs along with the object keyword and meets aifspesupport thresh-
old. The first method uses the papers as information anchuls the second and third
methods use keywords as information anchors. By buildiegctintext using informa-
tion anchors we are able to gain more information about tlyevieds. Additionally,
the final two context types are produced using a sort of “flizeytext that is then con-
verted into a standard binary context. In the fuzzy contether than objects simply
either having a certain attribute or not, the relationsidween them is indicated by a
continuous value which is defined by the number of co-octues between the object
and attribute, similar to the idea of conditional probdbi{a sample continuous context
is shown in Table 2). This fuzzy context is then converted astandard binary context
by using some threshold for attribute membership (the spording binary context for
a threshold of 0.2 is shown in Table 3).

MaterialgFabricationDevicesMEMS|polysilicon
Silicon 0.21 0.27 0.32 | 0.13 0.07
Accelerometers 0.09 0.26 0.42 | 0.16 0.08
Wafer Bonding 0.13 0.33 0.31 | 0.25 0.05
Nickel 0.27 0.16 0.2 | 0.08 0.01
Etching 0.15 0.39 0.3 | 0.14 0.08

Table 2. A portion of a continuous context for concept hierarchy méagy in MEMS.

MaterialgFabricationDevicesMEMS|polysilicon
Silicon 1 1 1 0 0
Accelerometers 0 1 1 0 0
Wafer Bonding 0 1 1 1 0
Nickel 1 0 1 0 0
Etching 0 1 1 0 0

Table 3.Corresponding portion of binary context after threshajdime context in Table 2.

We have chosen to use the third method for several reasorst.iMportantly, as
discussed, it utilizes a support threshold for the relatigm between the keywords.
Using the first method, even keywords that occur togethey oné time must be in-
corporated in the lattice (and the ontology in turn) as hgnarrelationship of some
sort. Keywords that co-occur only a limited number of timesgot likely to be related
in any significant way. Additionally, this context allowsrfielationships between key-
words that may not be symmetrical. In the MEMS domain, fomepke, nearly 100%
of occurrences of the term “carbide” co-occur with “sili¢pmdicating a strong rela-
tionship, while less than 5% of the occurrences of “silicanoccur with “carbide”,



indicating a weak relationship (if any). Finally, the dreachk of the second method is
that we have no assurances of the quality of the words thaise@ as attributes. Any
word co-occurring with a keyword that meets the supportshoéd can be used as an
attribute, while all of the keywords have been carefullestdd.

5.2 FCA and Ontology Construction

After constructing the context the concepts and concefitdatan be extracted using
formal concept analysis. Several algorithms exist for falrooncept analysis including
algorithms by Ganter, Bordat, Lindig, and others[11, 6,18}, Here we have chosen to
use Lindig’s algorithm due itsficiency in generating the concepts and concept lattice
simultaneously, both of which are needed for this work agdetative ease of imple-
mentation. In comparison, Ganter’s algorithm first geresydite concepts and then the
lattice can be constructed from the concepts. Lindig's@tiym begins with the meet of
the lattice, generates its upper neighbors then contimuagisame fashion, generating
upper neighbors until the lattice is complete. Additiopgitlis possible to reverse order
of lattice construction and by doing so only generate thedageral levels of the lattice
if desired. We implemented Lindig’s algorithm in Python fbis study. In the early
stages of implementation we considered using OWL (Web ©gtoLanguage [28]) to
represent the generated concept hierarchies. As develgpmagressed we found that
OWL would be an over-kill at this stage, although we plan tdsi¢this in the future.

5.3 Tuning by Domain Expert

At this point it is possible to interject human expertiseittie process. Human inter-
vention is most useful during the first iteration of the psg;ewhen the ontology is
completely automatically generated. This is the most Bagioint at which human
knowledge can be included. Compared to the size of the cotipeigenerated context
will be relatively small, so a domain expert can manuallyiegev On the other hand, the
size of the document collection is too large for the accu@aocument classification
to be manually validated.

There are two particularly important and manageable doutions a domain expert
can make at this point. First is the inclusion of the top lefdahe ontology (see Fig. 2
for a MEMS top level concepts).

Fig. 2. A stable top level MEMS ontology. Synonyms derived from Wed are not displayed.

In the MEMS literature it is the top level topics that are mofsen not mentioned
in documents to which they belong. These top level topicsrapdied by the keywords
that are mentioned in the document. Knowledge of such irafitins is often assumed

10



of the readers by the author, particularly in technicalrdifie literature. The inclusion

of the top level domain can greatly improve the quality ofdinéology. The second key
contribution is the identification of synonyms and concapsynonyms. Synonyms
are dificult to extract from the texts because they do not often amgether; an author
simply chooses to use one or the other. Synonyms will oftethe other hand, occur in
the same level of the ontology because they will have simijpger and lower neighbors.

Rel event Docunents
I (<2} @
o o o
o o o
o o o

N
o
o
o

o

Keywor d

Fig. 3. Differences in term relevance before and after the incorparafia concept hierarchy.

5.4 Reclassification

After having built and possibly tuned the ontology, the nevaledge of concept re-
lationships must be returned to the document collectiois EBhdone by reclassifying
the documents based on the new ontology. Reclassificaticur®m two stages. First,
keyword assignments are propagated up through the ontoldgy is simply based
on properties of ontology. If a document is relevant for agitopic, it would then cer-
tainly be relevant for all super-topics of the given topis.d@n illustration, if a document
is relevant to “accelerometers”, it should also be reletaritlevices”, the super-topic
of “accelerometers”. Second, a new set of classificatioasrig generated based on
the newly assigned keywords and the documents are rectaisifiter the process of
reclassification, a new ontology can be constructed baseldeonewly classified doc-
ument collection by repeating the steps above. Figure H®&slthe number of docu-
ments relevant for nine sample search terms before usingdhsed ontology and after
using the ontology. This results in increased number of dmsus for some terms and
relatively smaller increases for other. Such an increaseadiae for multiple reasons.
Topics that are often implied will gain many more relevantaments. Also those top-
ics that have many sub-topics will gain more relevant doaumeén rare cases it might
be possible for the number of relevant documents to decedtesereclassification. As
example, a portion of an ontology is shown in Figure 4.

Initially, before using the ontology, only the documentattactually have the string
“silicon” are relevant to silicon. When the ontology is usebcuments including
“polysilicon” and “silicon carbide” would also be relevaiith this new knowledge,
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Polysilicon Silicon Carbide

Fig. 4. A concept neighborhood of “silicon”.

classification rules would look for more than just the terrilicsn”, therefore some
the documents that were originally the most relevant befloeeontology, may now
be some of the least relevant if they do not include additiefements from the new
classification rules. In other words, when concept neighbog taken into account, the
impact of the central node is decreased. In our experimeatssed 4 iterations for the
process described in Fig. 1. The convergence or optimal eupnfhterations are topics
warranting further study.

When visualization is desired, such as for evaluation ofdbecept lattice by a
domain expert, ConExp [35] was used. Though not particpfast, it allows for inter-
active browsing of the lattice.

6 Prototype System

The beta release of MWOImémsworldonline. case.edu) provides a simple and yet
powerful interface for the query types given in the first rofsttee Table 1. To make
the intended retrieval results more explicit, these queaie marked by “Expertsin ...,
“Organization for ...”, and “Literature on ...”.

The “Experts in ...” option is selected at entry point by défalf a user now en-
ters “accelerometers”, the output will show a ranked lisexjperts together with their
relevance scores. If the user then clicks on an individusdise, say “Khalil Najafi”,
the related publications by the individual are displayed esnked list. Clicking on any
paper items leads to the display of the title, abstract, éatlan for this article.

We chose MEMS because this emerging engineering disciimelatively new
(less than three decades); it has a dedicated communityerehers and practition-
ers; and it has focused venues for its scientific publicatidiere are no other digital
libraries or search engines focused on this area so suchitaldigsource would be
useful in itself.

Our data source consists of about 20 journals and confepgaceedings in MEMS.
About 30,000 abstracts and 35,000 authors from these soareecurrently used for
the beta release (yes there are more authors than documents database; some
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of the authors can be identified as the same person moving dr@ninstitution to
another). The system runs on an Apple X-serve with an 80GB htD265B of RAM.
The responses for all queries anstantaneougi.e., without noticeable delays other
than possibly network tfic) due to various performance optimization techniques. The
implementation details will be presented elsewhere.
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