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Abstract. We present an innovative approach to information retrievalfor
domain-specific digital library collections. We use a combination of Formal Con-
cept Analysis (FCA) and a notion ofinformation anchorsto facilitate informa-
tion delivery to the end user. This approach (1) uses ranked objects in attribute
concepts to facilitate topical queries for experts and expertise profiles; (2) for-
mulates (keyword by keyword) context for concept lattice construction via a set
of heuristics, including those based on information anchors for selecting descrip-
tive phrases, (3) bootstraps the learning of domain-specific concept hierarchies
using FCA, and (4) incorporates the learnt concept hierarchies and WordNet for
content-based document classification. To demonstrate thefeasibility and utility
of this approach, we implemented a prototype online information retrieval sys-
temmemsworldonline.case.edu (MWOL) for the emerging engineering dis-
cipline of MEMS (microelectromechanical systems) incorporating these ideas.
MWOL has been actively used by a non-trivial group of MEMS practitioners; all
user queries are processed in a fraction of a second as a result of inverse indexing
strategy using Berkeley DB. Voluntary user feedback using online forms has been
encouraging. However, no other systems with similar features are available for a
comparative study at this point.

1 Background

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

The scientific literature makes up the bulk of the contents for digital libraries. Over-
time, the majority of the scientific literature published inthe past has been digitized
and made available through digital libraries. Almost all future publications will be ac-
cessible in digital format. Unlike the shallow Web, more contents of the deep Web are
semi-structured,i.e., certain metadata information is available across the scientific lit-
erature, such asauthor, address, title, abstract, date, references. Because of this, query



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

However, traditional digital library retrieval interfaces have not taken advantage of
the full potential offered by its semi-structured content. We believe that the structure of
digital libraries makes it possible for the creation of a newgeneration of information
retrieval interfaces that offer the user unprecedented precision and recall in content-
based retrieval, as well as new ways for information exploration and discovery, such as
expert identification, social network dynamics, and emerging trend detection. To this
end, we present an innovative approach to information retrieval for domain-specific
document collections. We use a combination of Formal Concept Analysis (FCA) and
a notion ofinformation anchorsto facilitate information delivery to the end user. This
approach (1) uses ranked objects in attribute concepts to facilitate topical queries for
experts and expertise profiles; (2) formulates (keyword by keyword) context for con-
cept lattice construction via a set of heuristics, including those based on information
anchors for selecting descriptive phrases, (3) bootstrapsthe learning of domain-specific
concept hierarchies using FCA, and (4) incorporates the learnt concept hierarchies and
WordNet for improved document classification. To demonstrate the feasibility and util-
ity of this approach, we implemented a prototype online information retrieval system
memsworldonline.case.edu (MWOL) for the emerging engineering discipline of
MEMS (microelectromechanical systems) incorporating these ideas. MWOL has been
actively used by a non-trivial group of MEMS practitioners –since the announcement
of the beta version to selected MEMS research groups at the end of October in 2005,
users from 1475 distinct IP address have used MWOL to process25824 entries as of
Jan. 13th, 2006, and user base is growing at a steady rate. Considering that our users are
domain experts and our systemrankstheir expertise in various MEMS topical areas, we
feel that the positive comments we have received through ouronline web form, coupled
with the lack of complaints so far is a rather positive sign. However, no other systems
with similar features are available for a quantitative comparative study at this point.

Related work.We refer to [29] for an informative survey of the applications of FCA
in several areas of information retrieval. We briefly mention three pieces of work that are
relevant to some components of our integrated approach. First, in [10], Cimiano, Hotho
and Staab use FCA for learning concept hierarchies and compare their approach to
other clustering and learning methods on several specific domains. Although both [10]
and our work involve FCA, the particular context of the applications and the details
of FCA’s usage are different in many ways. Our work is motivated by the recognition
that the incorporation of concept hierarchies can bring improved precision for docu-
ment classification. On the other hand, Cimiano, Hotho and Staab consider the learning
of concept hierarchies as a stand-alone topic, without explicitly pursuing any specific
applications in [10]. This higher-level distinction entails differences in specifics. For
example, Cimiano, Hotho and Staab make substantial use of Natural Language Pro-
cessing (NLP) techniques for parsingunstructuredtext corpora but we take advantage
of thesemi-structureddata derivable from the notion of information anchors, and we use
off-the-shelf NLP tagging programs. Because of this, the FCA context we use for con-
cept hierarchy learning is of the typekeyword×keyword, instead of the more standard
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document×keyword context in [10] – documents play an implicit role in our formula-
tion of information anchors. This way, an iterative bootstrapping process naturally fits
our approach. Moreover, our approach has been implemented as part of the MWOL sys-
tem, which incorporates several different kinds of FCA contexts, related by the database
join operation, for attribute-concept retrieval. In otherwork, Bloehdorn, Cimiano, and
Hotho [3] explore ontology learning for use in text classification and clustering appli-
cations. Their experiments reveal that automatically learned ontologies provide clas-
sification and clustering improvements similar to those gained with manually created
ontologies. Earlier work by Bloehdorn and Hotho is also relevent [4].

Second, since we rank objects in queried attribute concepts, numerical values are
unavoidable. Our relevance ranking approach is somewhat related to multi-value con-
cepts [12] or fuzzy concept analysis [15, 30]. In our approach presented in this paper,
values for relevance ranks are either used for the ordered presentation of results to the
user, or for thresholding to obtain a standard context, based on which a concept hierar-
chy is constructed. Thus the particular features of conceptual scales are not used in our
approach at this point.

Third, keyword selection is an important topic in FCA-basedinformation retrieval.
This topic has been explored in a number of settings (e.g. [9,16]). [9] demonstrates
the advantage of noun phrases in selecting attributes for organizing the presentation of
retrieved results using FCA and evaluates the performance of such a selection strategy
using certain lattice-based measures. In contrast, we use the notion of information an-
chors in evaluating the quality of a keyword without an in-depth NLP analysis and fea-
ture this technique in a working information retrieval system. The idea of incorporating
background knowledge not captured by co-occurring keywords for document cluster-
ing [16] is related to our incorporation of concept-hierarchies for ranking document
relevance and classification. While the goal of clustering is to group related documents
into clusters, the task of classification is to determine therelevance 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 introduces the notion of
information anchors. Section 3 briefly overviews the roles of FCA in our approach,
followed by heuristics for descriptive keywords in Section4, and the bootstrapping of
ontology learning in Section 5. Section 6 provides an overview of our search engine
environment MWOL incorporating the techniques described in earlier sections.

Remark. For readability, the terms concept hierarchy, ontology, and taxonomy are
used as synonyms. The relationships among these terms should really be carefully de-
lineated, though they are beyond the scope of the current paper (for further discussions
we refer to [13, 14]).

2 Information Anchors

We approach the problem of information retrieval (IR) for special-domain document
collections using a combination of FCA and the informal notion of information an-
chors. Our notion of information anchors is motivated in part by the idea ofagents
in Artificial Intelligence (AI). While agent is a useful informal concept that helps the
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understanding and implementation of AI systems by associating a certain degree of au-
tonomy or boundary to subsystems that “process and react” toinformation, information
anchors are entities that “possess and weave” information (by combining the active and
the passive). This is again a highlyinformal notion. A typical example of information
anchor is an article, which pulls together views and findingsaround a central theme. An-
other example of information anchor is a Web page, usually with hyper links attached
to it.

There are other kinds of information anchors, concrete or abstract, that have not
occupied a central role in traditional IR. These include researchers and institutions (or
organizations), as well as hubs in social networks (CiteSeer [5] is an example of social
network – citation network). Formal concepts from FCA can beconsidered as informa-
tion anchors as well.

The emphasis on a broader scope of information anchors has several advantages.
For example, instead of literally returning literatures containing certain string patterns
in the traditional sense of “search”, one can elevate it to the level of more organized
return surrounding the information anchors ofresearchersandinstitutions. We call this
multi-perspective search.

Topic areaResearcherLiteratureInstitution
Topic area X X X
Researcher X X X
Institution X X X

Table 1.Multi-perspective search.

Table 1 represents three search/query modes: query by topic, query by researcher,
and query by institution. For each query mode, a user can select among several orga-
nized presentations for their search results. For example,for query by topic area, a user
can input a free (i.e. not provided by the system) topical phrase such as “accelerome-
ters” with the option of retrieving any of the following typeof results, which are not
available in traditional digital library interfaces or search engines:

– a ranked list of names of relevant authors/experts;
– a ranked list of relevant published literatures/citations; and
– a ranked list of relevant institutions associated with the topic area.

Another advantage is a new class of heuristics based on information anchors. For
example, when it comes to the selection of descriptive keywords and phrases in Sec-
tion 4, traditional document-based ranking alone does not provide satisfactory results.
Instead, by passing through researchers as information anchors and then assessing the
distribution and significance of word-association and occurrence profiles, we obtain
much improved results.

Focusing on information anchors also allows us to look at individual research pro-
file, institution research profile, community dynamics [34], and emerging trends [18].
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3 Roles of Formal Concept Analysis

We briefly recall some basic terminologies of formal conceptanalysis and refer further
details to [12]. A(formal) contextis a triple (G,M, I ) whereG is a set ofobjects, M is a
set ofattributes, andI ⊆ G × M is an incidence relation. GivenO ⊆ G andA ⊆ M, we
defineO′ := {m ∈ M | (g,m) ∈I for all g ∈ O} andA′ := {g ∈ G | (g,m) ∈I for all m ∈
A}. A conceptof (G,M, I ) is a pair (O,A) such thatO = A′ andA = O′. O is called the
extent andA the intent of the concept. Since the extent and intent of a concept determine
each other uniquely, it suffices to refer to one of them. Of particular interest to us is the
so-calledattribute conceptandobject concept. A concept (O,A) is called an attribute
concept ifA = {a} for somea ∈ M, and an object concept ifO = {o} for someo ∈ G.
The central result of FCA is that contexts can be used to represent complete lattices.
For any context (G,M, I ), the mapping ( )

′′

: 2G → 2G constitutes a closure operator
on the powerset 2G.

Formal concept analysis plays an important role in several aspects of our approach.
Since title, author, address, and abstract text are extracted for each entry in our MEMS
collection, we already obtain a collection of contexts in the sense of FCA. Classifica-
tion of the collection according to keywords provides another context, which can be
combined with the other contexts using standard database join operation to implement
additional features. For example, the query response of a list of authors for a topic
area amounts to the derivation of the objects of an attributeconcept for the context
type keywords×(abstract id), joined with a context type (abstract id)×author. How-
ever, such contexts are keptimplicit in our system through the document classification
function. Moreover, the ranking of objects in the retrievedattribute concept is a useful
feature not considered as part of FCA.

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

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

4 Constructing a Descriptive Keyword Set

Before a concept hierarchy can be built we must select topical keywords to be used for
the construction of a formal context. The keywords must be good indicators of topics
within the domain of interest and must be sensitive to the specific document collection.
Keywords used in this work fall into two distinct categories: (1) those assigned by
the authors of the documents and (2) those extracted with ourheuristic methods. We
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utilize both types of keywords for the following reasons. Author assigned keywords
are used not only because they are likely to be accurate descriptors of content but also
because they often include higher-level keywords that are not specifically mentioned in
the document itself. However, author assigned keywords often do not include the most
specific keywords of the domain, particularly those that describe the specific research
presented in the documents. For this reason, it is also important to extract additional
keywords directly from the source.

We use “terms”, “phrases” and “words” interchangeably except where a more spe-
cific meaning is clear. In this context they refer to a string containingone or morewords.
“Keywords” is used specifically for those words selected by the following techniques
as topical keywords for the domain of interest.

4.1 Author-Assigned Keywords

Although author assigned keywords are useful, they cannot be used in their raw state.
The most glaring issue is the shear number of keywords. In ourcorpus, only 20% of
the documents have assigned keywords, yet these relativelyfew documents have about
10,000 unique keywords. A concept hierarchy constructed from such a large collection
keywords would not be useful for the MEMS field. As a comparison, the National
Library of Medicine’s MeSH (medical subject headings) contains just under 23,000
descriptors to comprehensively capture the rich medical field. Additionally, 86% of the
author-assigned MEMS keywords are assigned only to a singledocument. By limiting
author assigned keywords to the most common ones, we can limit them to a manageable
amount. We use only those keywords which are assigned to a minimum number of
documents, as a small percentage of the total number of documents, around 0.01%−
0.1%. Those keywords which are assigned to multiple documentshave been given a
sort of implicit census by the authors as being useful for thefield.

4.2 Keywords Derived from Documents

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

We limit phrase length to four words, which seems to be a good compromise be-
tween being long enough to include most worthwhile phrases as well as limiting the
number of possible phrases to a reasonable amount. Phrases are considered to be any
string found in the text containing at most four consecutivewords and not containing
any stopwords. For this work we use a relatively aggressive list of stopwords, for this
domain in particular we use the NASA ADS physics stopword list [25] which is used
by the NASA digital library. Essentially, phrases are thoseseries of consecutive words
that occur in between stopwords up to four words long. Additionally each word in the
phrase is stemmed using Burden’s stemming algorithm [8]. Burden’s is used rather
than Porter’s because the Burden algorithm attempts to reduce words to their readable
english root, where the Porter algorithm makes no attempt toproduce proper english
words. It is helpful to have actual english words in this context because the ontology
generated with the stemmed words may need to be evaluated by adomain expert. For
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example, given “displays”, the Porter algorithm produces “displai” where the Burden
algorithm produces the true English root “display”.

Once a raw list of keyword candidates is formed, we perform further selection by
requiring candidate keywords to pass a certain threshold using a combination of the
three heuristics discussed below. There is a great deal of previous research dealing with
automatic keyword extraction [17, 23, 27]. Our simple and yet robust heuristics takes
advantage ofinformation anchorsto achieve a reasonably sized yet quite descriptive
set of key terms.

The first type of heuristic is statistical. The intuition behind this heuristic is thatany
established sub-topic of a field will be practiced by severaldistinct authors. We take ad-
vantage of this idea by usingindividual authors as information anchorsand comparing
expected term occurrence with the actual term occurrence for each author. The occur-
rence of terms in each author’s collections of documents is analyzed independently. The
actual occurrence value of terms is calculated as a percentage of the number of papers in
which each term appears for each author who has authored a minimum number of docu-
ments. This minimum is necessary because an author with onlya few papers could have
artificially high occurrence values. Term frequency percentages from the entire docu-
ment set are used as the expected term frequency values for comparison with the term
frequencies each author. If greater than a set threshold of authors have the term with
an occurrence value greater than the global occurrence value scaled by some constant
it is accepted as a keyword passing this test. It is importantto require enough authors
to have the keyword in order to eliminate words that occur often simply due to author’s
individual writing styles. The constant and threshold usedhere are interrelated. If a high
scaling constant is used, fewer authors will be identified ashaving the keyword, so a
lower threshold will need to be used. The threshold and constant values used here were
selected through experimentation, although our approach is amendable to a variety of
optimization techniques.

The second type of heuristic is grammatical. Certain parts of speech, particularly
nouns and noun phrases are more likely to be useful topical keywords. Noun phrases
are phrases that include the noun and any noun modifiers. Though most topical key-
words are noun phrases, there are some exceptions. In the MEMS domain for instance,
manufacturing processes such as “wafer bonding” are an import subtopic, though they
are not described by noun phrases. For part of speech taggingwe use the MontyLingua
Suite of natural language tools [21]. The MontyLingua part of speech tagger is based
on Brill’s tagger [7] while additionally incorporating “common-sense” knowledge. We
use MontyLingua to identify all nouns, noun phrases, and sub-phrases in the corpus.

The final heuristic relies on term positions within the documents. The intuition be-
hind this heuristic is that the most important topical keywords for any particular domain
will occur in prominent places within several of the documents in corpus. There are sev-
eral possible ways to exercise this intuition. The simplestmethod, and the one used in
this work is to consider phrases occurring in the title as themost important phrases in
a document. Additionally, titles are less likely to containextraneous, non-useful terms.
Whereas this method is discrete in the sense that a phrase is either prominent or not,
another possible method is to consider prominence as a continuous variable where the
prominence of a phrase is directly related to the its distance from the beginning of the
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document. The logic behind this is simple: the most important topics in a document are
generally stated early in the text, though this method is more useful for short documents
or document summaries such as abstracts, as is the case here.A final possible group of
techniques consist of sentential structure analysis tools[33] and summary methods to
identify the most prominent phrases. We chose not to use thisdue to its increased com-
plexity and dependence on the particular methods chosen.

5 Bootstrapping Ontology Learning

The ontology learning process takes place in four iterated steps (Fig. 1). First, the con-
text is generated from the document collection with keywordassignments. Next, the
context is subjected to formal concept analysis, which generates the concept lattice and
in turn the ontology. At this point, the ontology may or may not be fine tuned by a
domain expert. Lastly, the documents are reclassified basedon information revealed by
the new ontology. This series of steps is then repeated untilan acceptable ontology is
produced. Keyword selection has been described in Section 4. The remaining steps are
discussed in more detail below.

Fig. 1. The iterative steps involved in bootstrapping.

5.1 Context Generation

Once keywords have been selected, the context can be generated. We evaluated several
methods for context generation using various information anchors. They include: (1) us-
ing documents as objects and keywords as attributes, (2) using keywords as objects and
co-occurring words as attributes, and (3) using keywords asboth objects and attributes.
In the first method, each document in the collection is an object and any keywords that
have been assigned to the document are considered to be attributes of the object rep-
resenting the document. The second method consists of usingeach keyword identified
above as an object and words that occur in documents that havebeen assigned the key-
word and meet a certain threshold as the attributes of each object. The final method uses
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keywords as objects where each object has a particular keyword as an attribute if that
keyword occurs along with the object keyword and meets a specified support thresh-
old. The first method uses the papers as information anchors while the second and third
methods use keywords as information anchors. By building the context using informa-
tion anchors we are able to gain more information about the keywords. Additionally,
the final two context types are produced using a sort of “fuzzy” context that is then con-
verted into a standard binary context. In the fuzzy context,rather than objects simply
either having a certain attribute or not, the relationship between them is indicated by a
continuous value which is defined by the number of co-occurrences between the object
and attribute, similar to the idea of conditional probability (a sample continuous context
is shown in Table 2). This fuzzy context is then converted into a standard binary context
by using some threshold for attribute membership (the corresponding binary context for
a threshold of 0.2 is shown in Table 3).

MaterialsFabricationDevicesMEMS 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 learning in MEMS.

MaterialsFabricationDevicesMEMS 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 thresholding the context in Table 2.

We have chosen to use the third method for several reasons. Most importantly, as
discussed, it utilizes a support threshold for the relationship between the keywords.
Using the first method, even keywords that occur together only one time must be in-
corporated in the lattice (and the ontology in turn) as having a relationship of some
sort. Keywords that co-occur only a limited number of times are not likely to be related
in any significant way. Additionally, this context allows for relationships between key-
words that may not be symmetrical. In the MEMS domain, for example, nearly 100%
of occurrences of the term “carbide” co-occur with “silicon”, indicating a strong rela-
tionship, while less than 5% of the occurrences of “silicon”co-occur with “carbide”,
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indicating a weak relationship (if any). Finally, the drawback of the second method is
that we have no assurances of the quality of the words that areused as attributes. Any
word co-occurring with a keyword that meets the support threshold can be used as an
attribute, while all of the keywords have been carefully selected.

5.2 FCA and Ontology Construction

After constructing the context the concepts and concept lattice can be extracted using
formal concept analysis. Several algorithms exist for formal concept analysis including
algorithms by Ganter, Bordat, Lindig, and others [11, 6, 20,19]. Here we have chosen to
use Lindig’s algorithm due its efficiency in generating the concepts and concept lattice
simultaneously, both of which are needed for this work and its relative ease of imple-
mentation. In comparison, Ganter’s algorithm first generates the concepts and then the
lattice can be constructed from the concepts. Lindig’s algorithm begins with the meet of
the lattice, generates its upper neighbors then continues in the same fashion, generating
upper neighbors until the lattice is complete. Additionally, it is possible to reverse order
of lattice construction and by doing so only generate the first several levels of the lattice
if desired. We implemented Lindig’s algorithm in Python forthis study. In the early
stages of implementation we considered using OWL (Web Ontology Language [28]) to
represent the generated concept hierarchies. As development progressed we found that
OWL would be an over-kill at this stage, although we plan to revisit this in the future.

5.3 Tuning by Domain Expert

At this point it is possible to interject human expertise into the process. Human inter-
vention is most useful during the first iteration of the process, when the ontology is
completely automatically generated. This is the most feasible point at which human
knowledge can be included. Compared to the size of the corpus, the generated context
will be relatively small, so a domain expert can manually review. On the other hand, the
size of the document collection is too large for the accuracyof document classification
to be manually validated.

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

MEMS

Devices Materials Modeling Design Fabrication Characterization Packaging Applications Interface Electronics

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

In the MEMS literature it is the top level topics that are mostoften not mentioned
in documents to which they belong. These top level topics areimplied by the keywords
that are mentioned in the document. Knowledge of such implications is often assumed
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of the readers by the author, particularly in technical scientific literature. The inclusion
of the top level domain can greatly improve the quality of theontology. The second key
contribution is the identification of synonyms and conceptual synonyms. Synonyms
are difficult to extract from the texts because they do not often occurtogether; an author
simply chooses to use one or the other. Synonyms will often, on the other hand, occur in
the same level of the ontology because they will have similarupper and lower neighbors.

0 2 4 6 8
Keyword

0

2000

4000

6000

8000
R
e
l
e
v
e
n
t
D
o
c
u
m
e
n
t
s

Fig. 3. Differences in term relevance before and after the incorporation of a concept hierarchy.

5.4 Reclassification

After having built and possibly tuned the ontology, the new knowledge of concept re-
lationships must be returned to the document collection. This is done by reclassifying
the documents based on the new ontology. Reclassification occurs in two stages. First,
keyword assignments are propagated up through the ontology. This is simply based
on properties of ontology. If a document is relevant for a given topic, it would then cer-
tainly be relevant for all super-topics of the given topic. As an illustration, if a document
is relevant to “accelerometers”, it should also be relevantto “devices”, the super-topic
of “accelerometers”. Second, a new set of classification rules is generated based on
the newly assigned keywords and the documents are reclassified. After the process of
reclassification, a new ontology can be constructed based onthe newly classified doc-
ument collection by repeating the steps above. Figure 5.3 shows the number of docu-
ments relevant for nine sample search terms before using thelearned ontology and after
using the ontology. This results in increased number of documents for some terms and
relatively smaller increases for other. Such an increase can arise for multiple reasons.
Topics that are often implied will gain many more relevant documents. Also those top-
ics that have many sub-topics will gain more relevant documents. In rare cases it might
be possible for the number of relevant documents to decreaseafter reclassification. As
example, a portion of an ontology is shown in Figure 4.

Initially, before using the ontology, only the documents that actually have the string
“silicon” are relevant to silicon. When the ontology is used, documents including
“polysilicon” and “silicon carbide” would also be relevant. With this new knowledge,
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Fig. 4. A concept neighborhood of “silicon”.

classification rules would look for more than just the term “silicon”, therefore some
the documents that were originally the most relevant beforethe ontology, may now
be some of the least relevant if they do not include additional elements from the new
classification rules. In other words, when concept neighbors are taken into account, the
impact of the central node is decreased. In our experiments we used 4 iterations for the
process described in Fig. 1. The convergence or optimal number of iterations are topics
warranting further study.

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

6 Prototype System

The beta release of MWOL (memsworldonline.case.edu) provides a simple and yet
powerful interface for the query types given in the first row of the Table 1. To make
the intended retrieval results more explicit, these queries are marked by “Experts in ...”,
“Organization for ...”, and “Literature on ...”.

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

We chose MEMS because this emerging engineering disciplineis relatively new
(less than three decades); it has a dedicated community of researchers and practition-
ers; and it has focused venues for its scientific publications. There are no other digital
libraries or search engines focused on this area so such a digital resource would be
useful in itself.

Our data source consists of about 20 journals and conferenceproceedings in MEMS.
About 30,000 abstracts and 35,000 authors from these sources are currently used for
the beta release (yes there are more authors than documents in our database; some
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of the authors can be identified as the same person moving fromone institution to
another). The system runs on an Apple X-serve with an 80GB HD and 2GB of RAM.
The responses for all queries areinstantaneous(i.e., without noticeable delays other
than possibly network traffic) due to various performance optimization techniques. The
implementation details will be presented elsewhere.

Acknowledgment. We thank our MEMS domain-expert Mehran Mehregany for
valuable inputs and suggestions on many aspects of the project.
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