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ABSTRACT

As the number of available Web pages grows, users experience
increasing difficulty finding documents relevant to their interests.
One of the underlying reasons for this is that most search engines
find matches based on keywords, regardless of their meanings.
To provide the user with more useful information, we need a
system that disambiguates queries by including information about
the user’s conceptual framework. Thisisthe goa of KeyConcept,
a conceptua search engine. During indexing, KeyConcept
classifies documents into concepts selected from a manually-
constructed concept hierarchy. During retrieval, KeyConcept
ranks documents based on a combination of keyword and
conceptual  similarity. This paper describes the system
architecture and discusses the results of experiments that evaluate
the effect of exploiting the hierarchical relationships between
concepts during retrieval. Our results confirm that conceptual
match significantly improves the precision of the search results
over keyword match alone. In addition, the use of the concept
hierarchy to prune irrelevant search results also significantly
increases precision. Finally, we show that the two used together,
conceptual search and pruning, significantly outperforms either
used alone.

Categories and Subject Descriptors
H.3.3 [Information Search and Retrieval]

General Terms
Algorithms, Experimentation, Verification.

Keywords
Conceptual search, text classification, ontologies, personalized
search.

1. INTRODUCTION

The Web has experienced continuous growth since its
creation. As of September 2003, the largest search engine
contained approximately 3,083 million indexed pages in its
database [SEW 03]. Finding the right information from such a
large collection is extremely difficult. One of the main reasons
for obtaining poor search resultsis that many words have multiple
meanings [Krovetz 92]. For instance, two people searching for
“wildcats’ may be looking for two completely different things
(wild animals and sports teams), yet they will get exactly the same
results. The underlying difficulty is most search engines are
based on a string matching algorithm that returns a match
whenever an exact occurrence of the search term is found,
regardless of its meaning.
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To address this problem, we are developing KeyConcept, a search
engine that, in addition to the keywords, takes into account the
topic  or concepts  related to the query (
http://www.ittc.ku.edu/keyconcept ). Documents are indexed by
their keywords and by concepts automatically selected from the
Open Directory [ODP] concept hierarchy. The classifier is
trained on the documents linked to the appropriate concepts and
then, during indexing, documents are classified into the top
matching concepts. During retrieval, in addition to the keywords,
KeyConcept accepts one or more concepts that restrict the search
domain. In an earlier version, we found that requiring an exact
match between the user-supplied concept and those identified
during training limited our ability to improve search results. In
this work, we exploit the concept relationships in the ODP
concept hierarchy to evaluate the effectiveness of filtering results
based on near-neighbors.

2. RELATED WORK

2.1 Text Classification

Text classification organizes information by associating
a document with the best possible concept(s) from a predefined
set of concepts. Several methods for text classification have been
developed based on different models for comparing the new
documents to the reference set. These including comparison
between vector representations of the documents (Support Vector
Machines, k-Nearest Neighbor, Linear Least-Squares Fit), use of
the joint probabilities of words being in the same document
(Naive Bayesian), decision trees, and neural networks. Some of
these approaches include implementing unsupervised learning
algorithms like Latent Semantic Analysis [Cai 03] and using Al
rule-base trees to compute the conceptual relevancy of search
results [Lu 99]. Approaches to hierarchical text classification
include the use of enhanced clustering techniques [Dhillon 02]
and the use of Support Vector Machines [Dumais 00]. Both
[Dhillon 02] and [Dumais 00] use web directories for training and
testing the performance of their systems. A thorough survey and
comparison of such methods is presented in [Sebastiani 02],
[Pazzani 96], and [Ruiz 99]. In particular, [Yang 03] examines
the complexities involved in different methods of text
categorization and especially in hierarchical categorization.

As presented by [Chekuri 97] and [Matsuda 99], one of
the main uses of text classification isto restrict the search domain.
In [Chekuri 97], users have the option of specifying some
concepts of interest when submitting a query. Then, the system
only searches for results in the specified concepts. More
recently, [Cui 02] uses the internal structure of documents to
assign XML classes such as Nomenclature, Description, Images,
References to domain-specific document collections and the uses




these classes for retrieval. [Kato 99] defines an idea-deriving
informational system that uses a combination of a concept-base
and normal character-string matching for information retrieval. It
was found that a combination of both conceptual and keyword
matching rather than either method individually obtained the best
results in this system. [Klink 02] approaches conceptual retrieval
differently by defining a concept based on maintaining a history
of the previous query term(s) used. [Aggarwa 01] proposes a
method of conceptual indexing of documents by identifying
common word-chains that occur within a concept.

The approach in [Matsuda 99] extends this idea by
classifying documents based on other attributes, e.g., size, number
of images, presence or absence of certain tags, as well as content.
In this system, the user has the option of specifying the type of
document he/she islooking for, e.g., acatalog, a call for papers, a
FAQ, aglossary, etc., in addition to the search terms. [Glover 01]
also discusses the usage of document-specific structure for
identifying documents as belonging to a particular concept, such
as research papers or personal homepages and lets the user choose
the type of page he wants. This allows the user to choose the type
of page the user wants but not the topic of interest.

Conceptual retrieval is an important component of
personalized search. In the OBIWAN project [Pretschner 99,
Gauch 04], user profiles are represented by weighted concept
hierarchies where the weight of a concept represents the user’s
interest in that topic. The concept weights are determined
implicitly by classifying web pages browsed by the user. Queries
are submitted to a traditional search engine and the results are
classified into the ontology concepts based on their summaries.
The documents in the result set are then re-ranked based on
matches between the summary concepts and the highly weighted
concepts in the user’s profile.  While this approach was able to
improve rank ordering of the results, it was not able to find more
information for users because it could only work on the result set
retrieved by a generic search engine. KeyConcept takes this
approach one step further by integrating the conceptual matching
into the retrieval processitself.

2.2 Ontologies

An ontology is an arrangement of concepts that represents a
view of the world that can be used to structure information
[Chaffee 2000]. Ontologies can be built by specifying the
semantic relationships between the terms in a lexicon. One
example of such ontology is Sensus [Knight 94], a taxonomy
featuring over 70,000 nodes. The OntoSeek system [Guarino 99]
uses this ontology for information retrieval from product catal ogs.

Ontologies can also be derived from hierarchical collections
of documents, such as Yahoo! [YHQO] and the Open Directory
Project [ODP]. [Labrou 99] reports on the use of the TellTale
[Pearce 97] classifier to map new documents into the Y ahoo!
ontology. Rather than using the concept hierarchy to narrow the
scope of a query, [Sieg 03] uses Yahoo! concept hierarchy to
expand the set of query terms and then perform textual retrieval.
Each expanded term is assigned a term weight that is pre-
calculated using conceptual relevance obtained the hierarchy.

Liu [Liu 02] and Pitkow [Pitkow 02] have devised systems
that use personalization to identify relevant concepts as related to
the individual user. Liu [Liu 02] approaches the problem of
personalizing information retrieval according to user preferences
by analyzing previous queries made by the user and developing a
user profile. The user profile is then used to select the most

appropriate concepts for a user when a user makes a new query.
[Pitkow 02] uses contextualization to obtain relevant search
results from an Internet search engine. The ODP structure is used
here to identify the user's search context. The user's past
browsing history is aso stored. This information is used to
augment a query by adding relevant terms from the user’s profile
and current context. An ontology can also be used to provide
personalized browsing of the Web. The OBIWAN project
[Chaffee 00, Zhu 99] accomplishes this by letting users define
their own hierarchy of concepts, then mapping this personal
ontology to a reference ontology (Lycos in this case).

Authors can aso explicitly embed ontological information in
their documents. SHOE (Simple HTML Ontology Extensions)
[Heflin 2000] is a language that serves this purpose, alowing the
creation of new custom-made ontologies and the extension of
existing ones. This is the approach used by the semantic web,
however it may be a long time before most authors explicitly
annotate their content with concepts selected from a universal
ontology [Tirri 03].

3. SYSTEM ARCHITECTURE

During indexing, KeyConcept automatically identifies and stores
the concepts to which each document is related. The retrieval
process uses this enhanced index, supporting queries that use only
keywords, only concepts, or a combination of the two. In our
experiments, we vary the factor, the relative importance of the
keyword and concept matches.
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Figure 1. KeyConcept Architecture Indexing

The indexing process is comprised of two phases. Classifier
training and collection indexing. During classifier training, a fixed
number of sample documents for each concept are collected and
used as examples for the concept. Essentially, each concept is
represented by a vector of weighted terms. The terms are
extracted from the training set and weighted using a variation of
the vector space term weighting formula. The weight of termi in
concept j is calculated as:
Wtij = tfij * ini *Cdfij.

where

tfj = the total frequency of term i in &l training documents
for concept j

icf, = the inverse concept frequency

= log (Tota Concepts’NumConcepts containing term i)
cdf;. = the concept document frequency
=log (Total TrainingDoct for concept j
NumTrainingDoct containing term )

In KeyConcept, we use an extra factor, the cdf (concept document
frequency) in addition to the traditional tf * idf. The first two
measures weight a term based on its total frequency in the training



set for a concept and the rarity of the term in the training sets for
other concepts. Earlier experiments [Gauch 03] found a
significant improvement in precision when the cdf, a measure of
how many of the individual training documents in the training set
contain the term, was also used to weight the importance of aterm
as arepresentative of a concept.

During collection indexing, new documents are indexed
using a vector-space method to create a traditional term-based
index. Then, the document is classified by comparing the
document vector to the representative vector for each concept.
The top similarity values thus calculated are then stored in the
concept-based index.

Retrieval

During retrieval, the user provides a query containing words,
concept identifiers, or both. For experimental purposes, the user
also providesan -factor, between 0 and 1, specifying the relative
importance of concept matches to keyword matches. After
receiving the user input, the search engine performs the search
and stores the results for word and concept matches in separate
accumulators. The final document scores are computed using the
formula:
Document score=(a~ concept score) +((1- a)” keyword score)
Once the documents are scored, they are sorted and presented to
the user in rank-order.

Pruning results based on concept matches

Search results can be pruned to remove documents that are
completely unrelated to the concepts searched but have managed
to find their way into the top results due to a high keyword match.
To do this, the highest weighted concepts for each document in
the result set are compared with the concepts provided by the user.
The documents whose top concepts do not match any of the user-
selected concepts are removed from the result set.

Exploiting the Concept Hierarchy

We extend the system to exploit the hierarchical relationships
between concepts to improve search results. This essentialy
relaxes the exact match requirements between the user and
document concepts. The concept hierarchy is used to improve the
pruning algorithms, pruning documents from the result set that do
not share the same parent, grandparent, etc., as the user-supplied
concept(s). We evaluate the contributions of the related concepts
during retrieval, during pruning, and when combined.

Figures 2 and 3 show the web interface for KeyConcept. In
Figure 2, the user’'s entry in the keyword section can be seen. In a
normal search engine, this would be the only input the user would
be able to provide. In KeyConcept, the user can also select the
concept he would like results most related to. Figure 3 shows the
results for the search performed. The retrieval process involves a
combination of keyword and conceptual search. It may also
include other factors for obtaining better results, the details of
which are described in the following experiments.

Figure 2. KeyConcept search page

Figure 3. KeyConcept results page

3.1 Experimental Setup

We conducted two sets of experiments. The first set
evaluated the effect of combining conceptual matching with
keyword matching and the second set of experiments extended
this work by evaluating the effect of exploiting concept
relationships to prune off-topic documents from the result set.

3.1.1 Choosing the training data set

Because it is becoming a widely accepted, shared resource,
we chose to use the Open Directory Project hierarchy [ODP 02] as
our source for training data. As of April 2002, the Open Directory
had more than 378,000 concepts. Because subtle differences
between concepts may be apparent to a human but
indistinguishable to a classification algorithm, we decided to use
the concepts in the top three levels of the Open Directory only.
Thus, this initial training set contained 2,991 concepts and
approximately 125,000 documents.

Before KeyConcept could be evaluated, several parameters
needed to be tuned to set a reasonable baseline. For example, we
needed to determine the number of training documents needed for
each per concept and the number of words to extract from the
document to be classified to use as its representative. Severa
experiments were performed and their details are reported in
[Gauch 03]. To summarize the key points, we found that
classification worked best when concepts were trained with
between 30 and 40 documents. Different formulae for computing
the concept term weights were evaluated, and the best results were
obtained when scoring was done using the formula detailed
earlier.

4. CONCEPTUAL RETRIEVAL



We designed two experiments to study whether or not a
search engine that combines conceptual and keyword matching
outperforms a search engine based only on keywords. For this
purpose, we built a test set consisting of 100,000 documents
chosen from the WT2g collection [Hawking 99]. The test set
includes the 2,279 documents having positive relevance
judgments and 97,721 randomly selected documents. Because the
title section of each of the 50 WT2g's topics resembles a typical
search engine query (2 to 3 words in length) [Zien 01], we used
the title section as the keyword query for our search engine. We
also classified the description and narrative paragraphs included
with each topic (average length 50 words) using our classifier, and
used the top-weighted concepts as the user-supplied concepts that
supplement the query. The relevance judgments supplied for each
topic were used to evaluate the effectiveness of the system.

4.1 Effect of on search precision
In this experiment, we wanted to determine the relative
importance to be given to conceptual versus keyword matches
during retrieval. We varied two factors in this experiment: (1) the
factor, and (2) the number of concepts for each query that are
actually used for document scoring. To evaluate performance, we
calculated the top-10 precision averaged across al queries.
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Figure 4. Effect of -factor on top 10 precision

The baseline for this experiment is when =0, i.e, only
keyword matching is used. In this case, the precision obtained is
30.6%. As shown in Figure 4, the best result, 34.8%, is obtained
when the top four concepts for each query areused and  is set to
0.4. Thisincrease in precision from the baseline value was found
to be significant (p = .024). Precision scores drop sharply for
values greater than 0.4, indicating that the conceptual score alone
is not enough to achieve a good precision in searches. Precision
also decreases when more than four concepts are used for
retrieval. This is likely because additional concepts introduce
noise. The evaluation was repeated using top 20 precision as the
metric. In this case, the average precision reached a peak value of
26.9% for =0.3, using the top three concepts for each query.
Over a range of experiments, there was no significant difference
between =03 and = 0.4 or between 3 and 4 concepts per
query. However, we observed that using = 0.3 with the top 3
concepts for each query gave the best results over the widest
range of data. Thus, we decided to use these parameters as our
baseline values for further experiments.

4.2. Per-query comparison

To better understand the effect of conceptua search, we
examined the effect of conceptual retrieval on each of the 50
WT2g topics. We compared the results for the baseline, =0
(keyword match only), and =0.3 using top three concepts for
each topic.

Per Query Top-10 Comparison
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Figure 5. Per-query top-10 precision score comparison

As shown in Figure 5, for the 50 queries available in the
collection, 17 experienced an increase in precision when using
combined keyword and concept retrieval, 3 experienced a
decrease, and 30 showed no difference (including 9 for which no
relevant results were retrieved by either version). Although small,
the difference between keyword-only and keyword-concept
retrieval performance is significant (p-value = 0.018). There were
two queries (418 and 429) for which the use of combined
keyword and conceptual retrieval retrieved results when none
were returned from a pure word-based retrieval.

4.3 Discussion

We found a value of 0.3 for the factor increases the
precision of the proposed searches when three concepts are used.
This indicates that the keyword matching is more important than
concept matching, but that search precision can be significantly
increased when concept matching is included. The concepts for a
given query can be determined automatically from associated
descriptive text, and performance is best when the top three
concepts thus identified are used during the matching process.
The need for more than just the top matching concept is likely due
to the fact that that, documents that have been misclassified
usually are found in another similar concept, and adding more
concepts to the input query increases the likelihood of finding
these misclassified documents.

We believe the reason for the rather modest precision
increases obtained in our experiments resides in the characteristics
of the WT2g queries. Definition of relevance for these queriesis
very restrictive. A document having both keyword and concept
matches could be deemed as non-relevant by some semantic or
content detail obvious to a human evaluator, but which is
undetectable for an automatic classifier.

5. PRUNING BASED ON CONCEPT
HIERARCHY

We conducted experiments to evaluate the effects of
exploiting the concept relationships to prune result sets. For
example, if the user's query was “doors’- the music group,
results would range from pages about rock music to pages about
architectural design. We could eliminate results that were not
about music by removing results that did not belonging to the



user-supplied concept. Two variations were performed: user-
supplied concepts were compared with the highest weighted
concepts for each document and matches were required to be
found at the top level (Level 1) of the concept hierarchy; the
experiments were re-rerun requiring matches at the second level,
(Level 2). This enabled us to compare the effects of keeping
results that generally matched the user’s concept (e.g., “Arts’)
versus requiring a more specific match (e.g., “ArtsMusic”). To
check if pruning might be useful to obtain better search results, we
compared these results to simple keyword search and then with
conceptual search using a = 0.3.

Although the WT2g query collection lends itself to easy
verification of search accuracy, its narrow definition of relevance
treats as non-relevant several documents in the collection that
would have been considered on-topic to a casua user of a search
engine. In order to evaluate the effectiveness of conceptual search
for a lay user, we selected a set of test queries from a search
engine log file. Since it is likely that conceptual search will
benefit short, ambiguous queries more than longer, unambiguous
queries, we created three sets of 8 queries: single-word queries;
2-word queries; and 3-word queries. The relevance judgments,
and related concepts, for these queries were created manually.

5.1 Pruning Search Results After Simple
Keyword Search

In this experiment, we provided a query and a single,
manually selected concept. A simple keyword search was
performed on the query terms and the any of the results obtained
that did not belong to the same subtree in the concept hierarchy as
the desired user concept were eliminated. Pruning was done at
two different levels, the top level of the concept hierarchy and one
level down. The results are shown in Figure 6.

Pure Keyword vs Keyword+Pruning

80%
60%
40%
20%

0%

l-wordqueries  2-wordqueries  3-wordqueries total

O Keyw ord Based Retrieval
O Keyw ord Based Retrieval with Pruning at Level 1

W Keyw ord Based Retrieval with Pruning at Level 2

Figure 6. Comparison of keyword search vs. keyword
sear ch with pruning

The average precision increased significantly from 36.7% to
45.24% for level-1 pruning (p=0.00767) and from 36.7% to
52.67% (p=0.0031) for level-2 pruning. Although level-2 pruning
outperformed level-1 pruning, the difference between them was
not significant. It also appears that, for shorter 1 and 2 word
queries, the level-2 pruning performs better. This makes intuitive
sense since the shorter queries are likely to be more ambiguous
and may require more aggressive filtering of the results.

5.2 Pruning Search Results After Conceptual
Search

This experiment compares the results of conceptual search
with those obtained after pruning. The a value used for
conceptual search was 0.3, as determined earlier. Figure 7 shows
the results obtained. There is a significant increase in precision
for al three query sets.

Keyword+Conceptual Vs. Keyword+Conceptual with
Pruning
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Figure 7. Comparison of keyword+conceptual search vs.
keywor d+conceptual with pruning

The total average precision increases from 51.33% to 61.0%
for level-1 pruning (p=3.0x10*) and from 51.33% to 67.08%
(p=1.35x10") for level-2 pruning. In this case, level-2 pruning
outperformed level-1 pruning for all three sets of queries and the
increase in precision between level-1 and level-2 pruning was
significant (p= 7.32 X 10°%).

5.1.4 Discussion of results

In the series of experiments described above, we see a
dramatic increase in precision when pruning is used. Figure 8
illustrates the effectiveness of the different methods side by side,
as measured by top-10 precision. As expected, a combination of
keyword retrieval, conceptua retrieval, and pruning based on
related concepts obtains the best results. The average precision
for keyword and conceptual retrieval with level-2 pruning, over
al 24 queries, is 67.1% versus a baseline of only 36.7% for
keyword based retrieval.
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Figure 8. Comparison of retrieval and pruning methods

Surprisingly, the average total precision is above 60% in all
three sets of queries tested, i.e., single-word, 2-word and 3-word
queries. We would have expected a greater impact in the shorter,
presumably more ambiguous, queries than that observed for
longer queries. It also appears that using conceptual information
during retrieval and for pruning is complementary. Comparable
increases in precision are observed when using pruning alone and
when performing conceptual search. However, when pruning is
combined with conceptual search, the effect appears to be
additive. This confirms our belief that pruning is an important
way to eliminate off-topic results, particularly when combined
with conceptua retrieval to identify a larger pool of on-topic
results.

6. CONCLUSIONSAND FUTURE WORK

This paper presented KeyConcept, a search engine that
indexes documents with their automatically identified concepts
from the Open Directory Project in addition to their keywords.
When querying the search engine, the conceptual information is
used, in addition to the keywords, to provide results that are more
relevant to the user. It also examined methods to exploit the
hierarchical relationships between concepts to further improve
search results via pruning.

In the conceptual retrieval experiments with the WT2g
topics, we obtained a top-10 precision of 34.8% versus 30.6% for
keyword search alone, a significant improvement. The best result,
71% top-10 precision, occurred on our singleword query set
when conceptual retrieval was performed with a = 0.3 and results
being pruned at level 2. The top-10 precision for our entire 24-
query set increases from 36.7% to 63.77%, a significant
improvement (p=0.0038) when pruning is used with conceptual
retrieval.

Currently, the concepts for each query must be provided
manually or by running a text related to the query through a
classifier. It is our goa to combine this work on conceptual
retrieval with work on user profiling [Trajkova 04] so that the
concepts are supplied implicitly via user profiles rather than
explicitly viathe search page. If successful, KeyConcept could be
an effective, personalized search engine. We have also conducted
experiments on a more accurate hierarchical classifier [Pulijala
04] that we plan to incorporate. The more accurate the document
classification process is, the more accurate the conceptual
matching will be.
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