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1. INTRODUCTION

A fundamental problem in information retrieval (IR) is word mismatch,
which refers to the phenomenon that the users of IR systems often use
different words to describe the concepts in their queries than the authors
use to describe the same concepts in their documents. Word mismatch is a
serious problem, as observed by Furnas et al. [1987] in a more general
context. In their experiments, two people use the same term to describe an
object less than 20% of the time. The problem is more severe for short
casual queries than for long elaborate queries because as queries get
longer, there is more chance of some important words cooccurring in the
query and the relevant documents. Unfortunately, short queries are becom-
ing increasingly common in retrieval applications, especially with the
advent of the World Wide Web. Addressing the word mismatch problem has
become an increasingly important research topic in IR.

In this article, we will discuss techniques that address the word mis-
match problem through automatic query expansion. Automatic query ex-
pansion techniques have a significant advantage over manual techniques
such as relevance feedback [Salton and Buckley 1990] and manual thesauri
because they require no effort on the part of the user. Existing techniques
for automatic query expansion can be categorized as either global or local.
A global technique requires some corpuswide statistics that take a consid-
erable amount of computer resources to compute, such as the cooccurrence
data about all possible pairs of terms in a corpus (collection). The source of
expansion terms is the whole corpus. A local technique processes a small
number of top-ranked documents retrieved for a query to expand that
query. A local technique may use some global statistics such as the
document frequency of a term, but such statistics must be cheap to obtain.
The source of expansion terms is the set of top-ranked documents.

One of the earliest global techniques is term clustering [Sparck Jones
1971], which groups words into clusters based on their cooccurrences and
uses the clusters for query expansion. Other well-known global techniques
include Latent Semantic Indexing [Deerwester et al. 1990], similarity
thesauri [Qiu and Frei 1993], and Phrasefinder [Jing and Croft 1994].
Generally, global techniques did not show consistent positive retrieval
results until better strategies for term selection were introduced in recent
years. Global techniques typically need the cooccurrence information for
every pair of terms. This is a computationally demanding task for large
collections.

Local techniques expand a query based on the information in the set of
top-ranked documents retrieved for the query [Attar and Fraenkel 1977;
Buckley et al. 1995; Croft and Harper 1979]. The simplest local technique is
local feedback [Buckley et al. 1995], which assumes the top-retrieved
documents are relevant and uses standard relevance feedback procedures
for query expansion. A similar and earlier technique was proposed in Croft
and Harper [1979], where information from the top-ranked documents is
used to reestimate the probabilities of query terms in the relevant set for a
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query. The terms chosen by local feedback for query expansion are typically
the most frequent terms (excluding stopwords) from the top-ranked docu-
ments. Recent TREC results show that local feedback can significantly
improve retrieval effectiveness [Voorhees and Harman 1998]. Experiments
have also shown that local feedback may not be a robust technique. It can
seriously degrade retrieval performance if few of the top-ranked documents
retrieved for the original query are relevant, because in this case the
expansion terms will be selected mostly from nonrelevant documents.

In this article, we propose a new query expansion technique, called local
context analysis. Although local context analysis is a local technique, it
employs cooccurrence analysis, a primary tool for global techniques, for
query expansion. The expansion features, called concepts, are extracted
from the top-ranked documents. Concepts can be as simple as single terms
and pairs of terms. More sophisticated concepts are nouns and noun
phrases. Local context analysis ranks the concepts according to their
cooccurrence within the top-ranked documents with the query terms and
uses the top-ranked concepts for query expansion. Experimental results
show that local context analysis produces more effective and more robust
query expansion than existing techniques.

The remainder of the article is organized as follows: Sections 2 and 3
review existing techniques and point out the problems. Section 4 discusses
local context analysis in detail. Section 5 outlines the experimental meth-
odology and describes the test collections. Sections 6 to 14 present the
experimental results. Section 15 discusses optimization and efficiency
issues. Section 16 discusses other applications of local context analysis in
IR. Section 17 draws conclusions and points out future work.

2. GLOBAL TECHNIQUES

2.1 Term Clustering

Global techniques for query expansion are typically based on the so-called
association hypothesis, which states that words related in a corpus tend to
cooccur in the documents of that corpus [van Rijsbergen 1979]. One of the
earliest global techniques is term clustering, which groups related terms
into clusters based on their cooccurrences in a corpus. The most represen-
tative work on term clustering was conducted by Sparck Jones in the late
60’s and early 70’s [Sparck Jones 1971]. She investigated a wide range of
algorithms to form clusters and different methods to use them. Her major
conclusion was that well-constructed term clusters can improve retrieval
performance, but this was not supported by follow-up studies [Minker et al.
1972]. A serious problem with term clustering is that it cannot handle
ambiguous terms. If a query term has several meanings, term clustering
will add terms related to different meanings of the term and make the
query even more ambiguous. In this case, it will lower retrieval effective-
ness.
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2.2 Dimensionality Reduction

Dimensionality reduction is related to term clustering. The most well-
known technique of this type is Latent Semantic Indexing (LSI) [Deer-
wester et al. 1990; Furnas et al. 1988]. Other dimensionality reduction
techniques were proposed in a number of studies, e.g., Caid et al. [1995]
and Schütze and Pedersen [1994]. LSI decomposes a term into a vector in a
low-dimensional space. This is achieved using a technique called singular
value decomposition (SVD). It is hoped that related terms which are
orthogonal in the high-dimensional space will have similar representations
in the low-dimensional space, and as a result, retrieval based on the
reduced representations will be more effective. Despite the potential
claimed by its advocates, retrieval results using LSI so far have not shown
to be conclusively better than those of standard vector space retrieval
systems.

2.3 Phrasefinder

More recent global techniques address the word ambiguity problem by
expanding a query as a whole. Two examples are Phrasefinder [Jing and
Croft 1994] and Similarity Thesauri [Qiu and Frei 1993]. These techniques
exploit the mutual disambiguation of the query terms by selecting expan-
sion terms based on their cooccurrence with all query terms. Terms
cooccurring with many query terms are preferred over terms cooccurring
with few query terms.

We describe Phrasefinder in more detail, since it represents one of the
most successful global techniques and is similar to the new query expan-
sion technique proposed in this article. With Phrasefinder, a concept c
(usually a noun phrase) is represented as a set of tuples $^t1, a1&, ^t2, a2&,
. . . %, where ti is a term cooccurring with c, while ai is the number of
cooccurrences between c and ti. The set of tuples is called the pseudodocu-
ment of concept c. Given a query Q, the pseudodocuments of all concepts
are ranked against Q as if they are real documents. The highest-ranked
concepts are used for query expansion. As with any global technique,
efficiency is a problem. The creation of the pseudodocuments requires the
cooccurrence data for all possible concept-term pairs. The retrieval effec-
tiveness of Phrasefinder is mixed. It is one of best global techniques, but
judging from recent published results, it is not as effective as some local
techniques [Xu and Croft 1996].

3. LOCAL TECHNIQUES

The idea of using the top-ranked documents for query expansion can be
traced at least to a 1977 paper by Attar and Fraenkel [1977]. In that paper,
term clustering was carried out by running traditional term-clustering
algorithms on the top-ranked documents retrieved for a query. The term
clusters were then used for query expansion. Attar and Fraenkel produced
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positive improvement in retrieval effectiveness, but the test collection they
used was too small to draw any definite conclusion.

A more recent local technique is local feedback (also known as pseud-
ofeedback). Local feedback is motivated by relevance feedback [Salton and
Buckley 1990], a well-known IR technique that modifies a query based on
the relevance judgments of the retrieved documents. Relevance feedback
typically adds common terms from the relevant documents to a query and
reweights the expanded query based on term frequencies in the relevant
documents and in the nonrelevant documents. Local feedback mimics
relevance feedback by assuming the top-ranked documents to be relevant.
The added terms are, therefore, common terms from the top-ranked docu-
ments. A similar and earlier technique proposed by Croft and Harper
[1979] modifies the weights of the query terms but does not add new terms
to a query. Local feedback has in recent years become a widely used query
expansion technique. In the TREC conferences, for example, a large num-
ber of groups (Cornell University [Buckley et al. 1998], City University
[Walker et al. 1998], Queens College at the City University of New York
[Kwok et al. 1998], Australia National University [Hawking et al. 1998],
etc.) have used some form of local feedback. In general, the TREC results
show that local feedback is a simple yet effective query expansion tech-
nique. Its performance can be very erratic, however. It can seriously hurt
retrieval if most of the top-ranked documents are not relevant.

There have been a number of efforts to improve local feedback. Mitra et
al. [1998] attempted to improve the initial retrieval by reranking the
retrieved documents using automatically constructed fuzzy Boolean filters.
Lu et al. [1997] clustered the set of top-ranked documents and removed the
singleton clusters in the hope of increasing the concentration of relevant
documents in the reduced set. Buckley et al. [1998] also clustered the
retrieved documents but used the clusters that best match the query for
query expansion.

4. LOCAL CONTEXT ANALYSIS

4.1 Hypothesis

The most critical function of a local feedback algorithm is to separate terms
in the top-ranked relevant documents from those in top-ranked nonrelevant
documents. A common strategy uses the frequency statistics of terms in the
top-ranked documents: The most frequent terms (except stopwords) in the
top-ranked documents are used for query expansion. This strategy fails if
there is a large cluster of nonrelevant documents in the top-ranked set. We
will show that feature selection based on cooccurrence is a better strategy.
We first make some hypotheses:

—Hypothesis about the top-ranked set: Top-ranked documents tend to form
several clusters.
The conjecture that relevant documents tend to cluster was made by van
Rijisbergen [1979]. This was recently supported by Hearst and Pedersen
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[1996]. We conjecture that nonrelevant documents in the top-ranked set
also tend to cluster. Unlike general nonrelevant documents, the top-
ranked ones are retrieved based on similarity to a query. As a result,
such nonrelevant documents may demonstrate some patterns. We can
model a cluster of documents that are ranked highly for a query Q but
are not relevant to it as the retrieval set for a different query Q9. Q and
Q9 share many terms but are about two completely different topics. For
example, Q can be “DNA testing and crime,” while Q9 can be “DNA
testing for treating cancer.” If we search for the query “DNA testing and
crime,” we may retrieve many documents about “DNA testing for treating
cancer.”
The result of local feedback depends on whether the largest cluster is
relevant. If it is, the frequent terms in the top-ranked set are also the
frequent terms from the relevant cluster, and hence local feedback works.
If it is not, the frequent terms are from a cluster of nonrelevant
documents and hence local feedback fails. In one study, Lu et al. [1997]
attempted to improve local feedback by removing singleton clusters from
the top-ranked set. It is easy to see the problem with such a method: the
removal of the singletons has no effect on whether the largest cluster is
relevant.

—Hypothesis about the relevant cluster in the top-ranked set: The number of
relevant documents that contain a query term is nonzero for (almost)
every query term.
We think that the reason a user uses a term in a query is that he or she
expects the term to be used in at least some relevant documents.
Consider the hypothetical query “DNA testing and crime.” Many relevant
documents may not use the word “crime” (but use “murder” or “kill”
instead). But if there are a reasonably large number of relevant docu-
ments, we expect a few of them will indeed use the word “crime.” We
should point out that we assume that there are a reasonably large
number of relevant documents.

—Hypothesis about a nonrelevant cluster in the top-ranked set: For a cluster
of nonrelevant documents, there are some query terms that do not occur
in any of the documents in that cluster.
As we discussed in the first hypothesis, a nonrelevant cluster can be
viewed as the retrieval result for a different query that shares many
terms with the original query. Because the other query does not contain
some terms in the original query, these terms will miss in every docu-
ment in the cluster. For example, we expect that the query term “crime”
never occurs in any document about “DNA testing for treating cancer.”

The above hypotheses seem to suggest that we should cluster the
top-ranked set and analyze the content of each cluster. We tried such a
method, but it did not work well [Xu 1997]. The work by Buckley et al.
[1998] basically found the same. A problem with document clustering is

84 • J. Xu and W. B. Croft

ACM Transactions on Information Systems, Vol. 18, No. 1, January 2000.



that it can make mistakes. When this happens, it adds more noise to the
query expansion process. Another problem is that we need to deal with the
difficult issues such as how many clusters to create and what similarity
threshold to use for cluster formation. Choosing the appropriate values for
these parameters is crucial to the output of the clustering procedure.

Our approach uses clusters of documents but does not use a clustering
algorithm. For each term t, we let cluster~t! be the cluster of top-ranked
documents that contain t. The above hypotheses imply that if t is a common
term from the top-ranked relevant documents, then cluster~t! will tend to
contain all query terms. That is, t will tend to cooccur with all query terms
within the top-ranked set. In summary, our general hypothesis is as
follows:

HYPOTHESIS. A common term from the top-ranked relevant documents
will tend to cooccur with all query terms within the top-ranked documents.

We will use the above hypothesis as a guideline when we define a metric
for selecting expansion terms in the next section.

4.2 Metric for Concept Selection

The expansion features selected by local context analysis are called con-
cepts. We now discuss the metric used by local context analysis for concept
selection. We assume that (1) the query to be expanded is Q, that (2) the
query terms in Q are w1, w2...wm, and (3) that the collection being
searched is C. We denote the set of top-ranked documents as S 5 $d1, d2,
. . . dn%. (The retrieval system used in this article is INQUERY [Broglio et
al. 1994].) Based on our hypothesis, we should use concepts that cooccur
with all query terms for query expansion. In practice, however, a query
term may not be used in any relevant document. Our approach is to prefer
concepts cooccurring with more query terms over those cooccurring with
fewer query terms for query expansion. Specifically, we will derive a
function f~c, Q! which measures how good a concept c is for expanding
query Q based on c ’s cooccurrence with wi’s in S. All concepts are ranked
by f, and the best concepts are added to Q.

—Cooccurrence metric: We hypothesized that good expansion concepts tend
to cooccur with all query terms in the top-ranked documents. But we
must take random cooccurrences into account: a concept c could just
cooccur with a query term wi in the top-ranked documents by chance.
The higher the concept c ’s frequency in the whole collection, the more
likely it is that it cooccurs with wi by chance. The larger the number of
cooccurrences, the less likely that c cooccurs with wi by chance. Let N be
the number of documents in C, Nc the number of documents that contain
c, and co~c, wi! the number of cooccurrences between c and wi in S. We
proposed the following metric to measure the degree of cooccurrence of c
with wi:
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co2degree~c, wi! 5 log10~co~c, wi! 1 1!idf~c! / log10~n!

co~c, wi! 5 O
d in S

tf~c, d! tf~wi, d!

idf~c! 5 min~1.0, log10~N /Nc!/5.0!

where tf~c, d! and tf~wi, d! are the frequencies of c and wi in document
d, respectively. We view the metric as the likelihood that concept c and
query term wi cooccur nonrandomly in the top-ranked set S, though it is
not a probability in a strict sense. The metric takes into account the
frequency of c in the whole collection (idf~c!) and the number of cooccur-
rences between c and wi in the top-ranked set (co~c, wi!). The logarithm
function is used to dampen the raw numbers of occurrences and cooccur-
rences. The metric is normalized over n (the number of documents in the
top-ranked set). If each term occurs at most once in a document, n is an
upper bound for the raw number of cooccurrences.
We should point out that the above cooccurrence metric is different from
well-known metrics such as EMIM (expected mutual information mea-
sure) [Church and Hanks 1989; van Rijsbergen 1979], cosine [Salton
1989], and so forth. One reason we choose not to use the available metrics
is that they are designed to measure corpuswide cooccurrence, and it is
not clear how to adapt them to measure cooccurrence in the top-ranked
documents. The other reason is that we want to explicitly bias against
high-frequency concepts, but available metrics cannot do that.
We should also point out that our definition of idf is somewhat different
from the standard definition idf~c! 5 log10~N / Nc! used by other re-
searchers. The problem with the latter definition is that mathematically
it has no upper limit when N approaches infinity. Our formula sets an
upper limit on idf~c!. Any concept which occurs in 1/100,000 of the
documents or less frequently will have idf 1.0. A similar idf function was
used by Kwok [1996]. Greiff [1998] explained why setting an upper bound
on idf is desirable.

—Combining the degrees of cooccurrence with all query terms: If
co2degree~c, wi! measures the likelihood that concept c cooccurs with
query term wi nonrandomly in the top-ranked set, we now need to
estimate the likelihood that c cooccurs nonrandomly with all wi’s in the
top-ranked set. Assuming c ’s cooccurrences with different query terms
are independent, the natural estimate is to multiply the m
co2degree~c, wi! values. A problem with such an estimate is that if one
of the m numbers is 0, the product is 0 no matter what the other m 2 1
numbers are. A more desirable function should produce a nonzero value
based on the other m 2 1 numbers. For this purpose, we add a small
constant d to each degree of cooccurrence. The function for combining the
m numbers is therefore
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g~c, Q! 5 P
wi in Q

~d 1 co2degree~c, wi!!.

The use of d in g is a simple smoothing technique. Smoothing is widely
used in various statistical models (including IR models) which deal with
a limited amount of data. For example, INQUERY uses a default belief
(typically 0.4) to prevent zero values from its #AND operator when one
operand is zero.
From another perspective, because of d, g achieves a “relaxed” interpre-
tation of the Boolean statement that good concepts cooccur with all query
terms. To simplify, we assume Q has only two terms w1 and w2. We can
rewrite g~c, Q! as follows:

g~c, Q! 5 co2degree~c, w1!co2degree~c, w2!

1 d~co2degree~c, w1! 1 co2degree~c, w2!!

1 d2

g consists of three parts. The first part, co2degree~c, w1!co2degree~c, w2!,
emphasizes cooccurrence with all query terms. The second part,
d~co2degree~c, w1! 1 co2degree~c, w2!!, emphasizes cooccurrence with
individual query terms. The third part, d2, has no effect on the ranking of
the concepts. The relative weights of the first and second parts are
controlled by the d-value. With a small d, concepts cooccurring with all
query terms are ranked higher. With a large d, concepts having signifi-
cant cooccurrences with individual query terms are ranked higher. In a
sense, g is similar to the AND operator in the p_norm model [Fox 1983].
The purpose of d in g is the same as that of p in the p_norm model.

—Differentiating rare and common query terms: Obviously, not all query
terms are equally important. While deciding the importance of a query
term is a hard problem in general, it is well-known that rare terms are
usually more important than frequent ones. This is the reason behind the
tf 3 idf formula used by most IR systems. Taking into account the idf of
the query terms, we get the following function:

f~c, Q! 5 P
wi in Q

~d 1 co2degree~c, wi!!
idf~wi!

Function f is used by local context analysis for ranking concepts. Because
the idf values of the query terms are used as exponents in the formula,
cooccurrence with a rare query term will have a bigger impact on f~c, Q!
than cooccurrence with a frequent query term. Note that multiplying
idf~wi! with co2degree~c, wi! does not work because, given a query, it
only scales g by a constant factor.
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The concept selection metric f was heuristically derived based on our
hypothesis that a good expansion term will tend to cooccur with all query
terms. Although the metric largely reflects our hypothesis and works well
in practice (as we will show later), a theoretically motivated metric would
be more desirable. We have made substantial progress in developing such a
metric based on language models. Language modeling is a powerful tool for
speech recognition and more recently has been successfully applied to IR
problems [Ponte 1998].

In summary, local context analysis takes these steps to expand a query Q
on a collection C:

(1) Perform an initial retrieval on C to get the top-ranked set S for Q.

(2) Rank the concepts in the top-ranked set using the formula f~c, Q!.

(3) Add the best k concepts to Q.

Figure 1 shows an example query expanded by local context analysis.

4.3 Passages and Concepts

Local context analysis can use either the top-ranked documents or the
top-ranked passages for query expansion. The default is to use the top-
ranked passages in order to provide faster query expansion. A long docu-
ment sometimes contains only one or two paragraphs that are related to a
query. Using passages avoids processing the unnecessary parts of the

Fig. 1. Query expansion by local context analysis for TREC topic 202 “Status of nuclear
proliferation treaties, violations and monitoring.” #PHRASE is an INQUERY operator to
construct phrases.
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document and saves time. Passages are created by breaking documents into
fixed-length text windows, typically 300 words long. Experiments show
that using documents and passages works equally well.

In the default mode, local context analysis selects nouns and noun
phrases as the expansion concepts. For English text, nouns and noun
phrases are recognized by a parts of speech tagger, Jtag [Xu et al. 1994].
Local context analysis can also select ordinary terms. This is useful when
parts of speech software is unavailable for a language (e.g., Chinese). The
main reason we use noun phrases as the default is that they are more
suitable for user interaction. It appears that users are more accustomed to
expressing their information needs in noun phrases than in other types of
terms. Croft et al. [1995] compiled a list of the most common queries people
used to search a collection of government records. An overwhelming major-
ity of the queries are a noun compound. Using noun phrases is, therefore,
an advantage when the user can read and modify the expanded query if
necessary. Although user interaction is not a concern in this study, we
considered that when we implemented local context analysis. From the
viewpoint of retrieval effectiveness, however, using noun phrases is not an
advantage. Query expansion using ordinary terms produces equally good
results.

In summary, the major difference of local context analysis from existing
local techniques lies not in using passages and concept analysis, but in a
new metric for selecting expansion terms.

5. EXPERIMENTAL METHODOLOGY

Table I lists the test collections used in the experiments in this article. The
TREC3 queries consist of the title, description, and narrative fields of the
TREC topics while the TREC4 and TREC5 queries only use the description
field. These test collections have quite different characteristics. The TREC3
queries are very long, averaging 34.5 words per query. The TREC5 queries
are much shorter, averaging only 7.1 words per query. The WEST docu-
ments are very long, more than 10 times longer than TREC5-SPANISH
documents on average. The TREC3 queries have far more relevant docu-
ments than the WEST queries. The WEST collection is homogeneous in
that its documents have similar types and similar content. Other collec-
tions are more heterogeneous and contain documents of different types,
different content, different lengths, and different sources. The collections
are in three languages: English, Spanish, and Chinese. It is well known
that many IR techniques are sensitive to factors such as query length
[Wilkinson et al. 1996], document length [Singhal et al. 1996], collection
size, and so forth. The purpose of using a wide variety of collections is to
ensure the generality of the conclusions we reach in this article.

We will compare the performance of local context analysis not only with
the performance of the original (unexpanded) queries, but also with the
performance of local feedback and that of Phrasefinder. The main evalua-
tion metric is interpolated 11-point average precision. Statistical t-test
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[Hull 1993] and query-by-query analysis are also employed. To decide
whether the improvement by method A over method B is significant, the
t-test calculates a p-value based on the performance data of A and B. The
smaller the p-value, the more significant is the improvement. If the p-value
is small enough (p-value , 0.05), we conclude that the improvement is
statistically significant.

For local context analysis, the default is to use 70 concepts from 100
top-ranked passages for query expansion. The default concepts are nouns
and noun phrases. The default passage size is 300 words. The default
d-value is 0.1. Concepts are added to a query according to the following
formulas:

Qnew 5 #WSUM ~1.0 1.0 Qold wt Q9!

Q9 5 #WSUM ~1.0 wt1 c1 wt2 c2...wt70 c70!

wti 5 1.0 2 0.9i /70

where ci is the ith ranked concept. Concepts are weighted in proportion to
their ranks so that a higher-ranked concept is weighted more heavily than
a lower-ranked concept. We call Q9 the auxiliary query. The default value
for wt is 2.0. #WSUM is an INQUERY operator to combine evidence from
different parts of a query. Specifically, it computes a weighted average of
its operands. We found that the above parameter settings work well in our
experiments. We should stress, however, that the effectiveness of local
context analysis is very stable with relation to the parameters settings:
changing the parameters does not substantially affect retrieval perfor-
mance.

Experiments with local feedback and Phrasefinder are carried out using
established parameter settings for the two techniques. The local feedback
experiments are based on the procedure used by the Cornell group in the
TREC4 conference [Buckley et al. 1996]. It represents one of the most
successful local feedback techniques used in the TREC conferences. The
most frequent 50 single words and 10 phrases (pairs of adjacent nonstop-

Table I. Statistics about Test Collections. Stopwords are not included. Each Chinese
character is counted as a word.

Collection
Query Size Document Words per Words per

Relevant
Documents

Count (GB) Count Query Document per Query

WEST 34 0.26 11,953 9.6 1967 28.9
TREC3 50 2.2 741,856 34.5 260 196
TREC4 49 2.0 567,529 7.5 299 133
TREC5 50 2.2 524,929 7.1 333 110
TREC5- SPANISH 25 0.34 172,952 8.2 156 100
TREC5- CHINESE 19 0.17 164,779 21 411 73.6
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words) from the top-ranked documents are added to a query. The words and
phrases in the expanded query are then reweighted using the Rocchio
weighting method [Rocchio 1971] with a : b : g 5 1 : 1 : 0. We also ap-
plied local feedback on the top-ranked passages in order to compare with
local context analysis. The Phrasefinder experiments are based on the
method described in the UMass TREC3 report [Broglio et al. 1995]: 30
concepts are added to a query and are weighted in proportion to their rank
position. Phrasefinder as a query expansion technique was documented in
[Jing and Croft 1994]. Concepts containing only terms in the original query
are weighted more heavily than those containing terms not in the original
query.

6. EXPERIMENTAL RESULTS

We now present the experimental results of three query expansion tech-
niques: Phrasefinder, local feedback,1 and local context analysis. The
experiments were carried out on TREC3, TREC4, TREC5, and WEST
(Tables II–V). In the experiments, 10 documents were used per query for
local feedback and 100 passages per query for local context analysis. Other
parameters took their default value. A Phrasefinder result for TREC5 is
not available. The original (unexpanded) queries were used as the baseline
in the experiments.

1Mitra et al. [1998] reported better results using local feedback. The performance difference
may be caused by differences in retrieval functions, indexing, and query processing. Another
potential cause for the difference is that the local feedback techniques are somewhat different.
Ours is based on the Cornell TREC4 report [Buckley et al. 1996] and does not assume any
nonrelevant documents for a query while theirs is based on more recent Cornell TREC work
[Buckley et al. 1998] and assumes some nonrelevant documents for a query.

Table II. A Comparison of Baseline, Phrasefinder, Local Feedback, and Local Context
Analysis on TREC3. Ten documents for local feedback (lf-10doc). One hundred passages for

local context analysis (lca-100p).

Precision (% change)—50 Queries

Recall Base Phrasefinder lf-10doc lca-100p

0 82.2 79.4 ~23.3! 82.5 ~10.4! 87.0 ~15.9!
10 57.3 60.1 ~14.8! 64.9 ~113.3! 65.5 ~114.3!
20 46.2 50.4 ~19.1! 56.1 ~121.5! 57.2 ~123.8!
30 39.1 43.3 ~110.7! 48.3 ~1 23.5! 48.4 ~123.8!
40 32.7 36.9 ~112.8! 41.6 ~126.9! 42.7 ~130.4!
50 27.5 31.8 ~115.9! 36.8 ~134.1! 37.9 ~138.0!
60 22.6 26.1 ~115.1! 30.9 ~136.7! 31.5 ~139.3!
70 18.0 20.6 ~114.0! 25.2 ~140.0! 25.6 ~142.1!
80 13.3 15.8 ~118.6! 19.4 ~145.7! 19.4 ~145.7!
90 7.9 9.4 ~118.7! 11.5 ~144.3! 11.7 ~147.3!

100 0.5 0.8 ~160.9! 1.2 ~1143.5! 1.4 ~1177.0!
Average 31.6 34.1 ~17.8! 38.0 ~120.5! 38.9 ~123.3!

Improving the Effectiveness of Information Retrieval • 91

ACM Transactions on Information Systems, Vol. 18, No. 1, January 2000.



On TREC3, local context analysis is 23.3% better then the baseline,
which is statistically significant (p-value 5 0.000005). Local context analy-
sis is also better than Phrasefinder by 14% and local feedback by 2.4%. The
improvement by local context analysis over Phrasefinder is statistically
significant (p-value 5 0.0003), but the improvement over local feedback is
not. Query expansion is generally regarded as a recall device, but the
results show that precision at low recall points is improved as well. The
reason for the improved precision is that some relevant documents which
are ranked low by the original queries are pushed to the top of the ranked
output because they contain many expansion concepts. The results show
that query expansion potentially can be a precision device.

Table III. A Comparison of Baseline, Phrasefinder, Local Feedback, and Local Context
Analysis on TREC4. Ten documents for local feedback (lf-10doc). One hundred passages for

local context analysis (lca-100p).

Precision (% change)—49 Queries

Recall Base Phrasefinder lf-10doc lca-100p

0 71.0 68.6 ~23.3! 68.4 ~23.6! 73.2 ~13.2!
10 49.3 48.6 ~21.6! 52.8 ~17.0! 57.1 ~115.7!
20 40.4 40.0 ~21.0! 43.2 ~17.0! 46.8 ~116.0!
30 33.3 33.9 ~11.8! 36.0 ~18.0! 39.9 ~119.8!
40 27.3 28.0 ~12.5! 29.8 ~19.2! 35.3 ~129.1!
50 21.6 23.9 ~110.3! 24.5 ~113.2! 29.9 ~138.4!
60 14.8 18.8 ~127.1! 19.7 ~133.4! 23.6 ~159.8!
70 9.5 11.8 ~124.7! 14.8 ~156.9! 17.9 ~189.1!
80 6.2 8.1 ~131.0! 10.8 ~174.7! 11.8 ~191.0!
90 3.1 4.2 ~133.6! 6.4 ~1104.6! 5.7 ~180.2!

100 0.4 0.6 ~124.0! 0.9 ~193.3! 0.8 ~188.2!
Average 25.2 26.0 ~13.4! 27.9 ~111.0! 31.1 ~123.5!

Table IV. Retrieval performance on TREC5. Ten documents are used for local feedback (lf-
10doc). One hundred passages are used for local context analysis (lca-100p).

Precision (% change)—50 Queries

Recall Base lf-10doc lca-100p

0 64.1 48.5 ~224.4! 53.7 ~216.2!
10 37.5 36.8 ~21.9! 34.4 ~28.4!
20 29.1 31.0 ~16.5! 30.9 ~16.3!
30 24.1 26.5 ~19.9! 26.4 ~19.3!
40 21.3 22.6 ~16.2! 23.5 ~110.5!
50 17.9 19.3 ~17.8! 20.7 ~115.8!
60 12.6 15.6 ~124.2! 17.1 ~136.2!
70 10.1 12.9 ~127.6! 12.7 ~125.2!
80 7.2 9.4 ~131.5! 8.7 ~121.6!
90 4.8 6.6 ~136.3! 6.2 ~128.2!

100 2.7 2.7 ~22.3! 2.4 ~213.5!
Average 21.0 21.1 ~10.2! 21.5 ~12.3!
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On TREC4, local context analysis is significantly better than the baseline
(23.5%, p-value 5 0.00000006), Phrasefinder (19.6%, p-value 5 0.00001),
and local feedback (11.5%, p-value 5 0.001).

On TREC5, local context analysis is 2.3% better than the baseline and
2.1% better than local feedback. The improvements are not statistically
significant. We think that the TREC5 result is less significant mainly
because of the peculiarities of the TREC5 query set. A number of queries
are ill-formed from the retrieval point of view in that they use terms which
are poor or even negative indicators of relevance. Examples include “exist-
ence of human life 10,000 years ago” (which is highly ambiguous) and
“Identify social programs for poor people in countries other than the U.S.”
(“U.S.” is negative evidence of relevance). For such queries, local context
analysis is likely to choose bad concepts for query expansion by requiring
them to cooccur with the bad query terms. Furthermore, three of the
TREC5 queries have only one or two relevant documents in the whole
collection. (If we remove these queries, the improvement will be 10.1%.)
Local context analysis assumes that there are a reasonable number of
relevant documents. Since the assumption is violated, local context analy-
sis fails to improve them. Please note local feedback fails to improve them
too.

On WEST, local context analysis is 0.8% better than the baseline, which
is not statistically important. But it is significantly better than Phrase-
finder (11.8%, p-value 5 0.00003) and local feedback (8.8%, p-value 5
0.002). The reason for the small improvement is due to the high-quality of
the original queries. A comparison of the WEST and TREC queries shows
that the WEST queries are more precise descriptions of the information
needs. This is also shown by the very good performance of the original
queries. Word mismatch is a less serious problem, and therefore query
expansion is less useful. But even with such high-quality queries, local

Table V. A Comparison of Baseline, Phrasefinder, Local Feedback, and Local Context
Analysis on WEST. Ten documents are used for local feedback (lf-10doc). Rocchio b

parameter is reduced by 50% in lf-10doc-dw. One hundred passages are used for local
context analysis (lca-100p). Expansion concepts are downweighted by 50% in lca-100p-dw.

Precision (% change)—34 queries

Recall Base Phrasefinder lf-10doc lf-10doc-dw lca-100p lca-100p-dw

0 88.0 83.9 ~24.7! 80.7 ~28.3! 81.9 ~27.0! 91.9 ~14.4! 92.1 ~14.7!
10 80.0 74.5 ~26.9! 76.0 ~25.0! 76.9 ~24.0! 85.7 ~17.1! 84.3 ~15.4!
20 77.5 67.2 ~213.3! 70.5 ~28.9! 71.4 ~27.8! 76.3 ~21.5! 78.5 ~11.3!
30 74.1 64.3 ~213.2! 66.8 ~29.8! 68.2 ~27.9! 71.1 ~24.0! 73.9 ~20.1!
40 62.9 54.6 ~213.2! 59.5 ~25.4! 60.8 ~23.3! 61.3 ~22.6! 61.8 ~21.7!
50 57.5 49.5 ~214.0! 54.2 ~25.8! 56.8 ~21.2! 55.2 ~23.9! 56.8 ~21.2!
60 49.7 44.6 ~210.1! 45.5 ~28.3! 50.1 ~10.8! 49.2 ~20.8! 50.7 ~12.2!
70 41.5 37.4 ~29.9! 38.7 ~26.8! 42.1 ~11.3! 41.1 ~21.1! 44.2 ~16.4!
80 32.7 30.0 ~28.2! 29.2 ~210.8! 33.1 ~11.1! 33.6 ~12.6! 36.4 ~111.2!
90 19.3 18.4 ~24.6! 18.1 ~26.1! 21.8 ~113.0! 21.5 ~111.7! 22.6 ~117.1!

100 8.6 8.7 ~10.3! 8.2 ~24.8! 9.3 ~17.8! 9.6 ~110.9! 10.0 ~115.3!
Average 53.8 48.5 ~29.9! 49.8 ~27.5! 52.0 ~23.3! 54.2 ~10.8! 55.6 ~13.3!
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context analysis manages to produce a small improvement. The improve-
ment at low recall points is more noticeable. In contrast, Phrasefinder and
local feedback seriously degrade the WEST queries. Since the original
queries are very good, we conjectured that better retrieval is possible if we
downweighted the expansion concepts. This is supported by retrieval
results: when the weights of expansion concepts are reduced by 50%, local
context analysis produces a 3.3% improvement over the baseline. When we
reduce the b parameter of the Rocchio weighting formula by 50%, the
result of local feedback is also improved, but it is still 3.3% worse than the
baseline. In the remainder of the article, we will always downweight the
expansion features by 50% for local context analysis and local feedback on
WEST.

As we mentioned before, a problem with local feedback is its inconsis-
tency. It can improve some queries and seriously hurt others. A query-by-
query analysis on TREC4 shows that local context analysis is better than
local feedback in this aspect. Although both techniques significantly im-
prove retrieval effectiveness on TREC4, local context analysis improves
more queries and hurts fewer than local feedback. Of 49 TREC4 queries,
local feedback hurts 21 and improves 28, while local context analysis hurts
11 and improves 38. Of the queries hurt by local feedback, 5 queries have
more than 5% loss in average precision. In the worst case, the average
precision of one query is reduced from 24.8% to 4.3%. Of those hurt by local
context analysis, only one has more than 5% loss in average precision.
Local feedback also tends to hurt queries with poor performance. Of 9
queries with baseline average precision less than 5%, local feedback hurts 8
and improves 1. In contrast, local context analysis hurts 4 and improves 5.

Overall, experimental results show that local context analysis is a more
effective and more consistent query expansion technique than local feed-
back and Phrasefinder. Of the three techniques, Phrasefinder is the least
effective. The results show, that, while analysis of the top-ranked docu-
ments/passages is more effective than analysis of a whole corpus, the
cooccurrence analysis used by global techniques can make local techniques
more effective and more consistent.

7. THE IMPACT OF USING PASSAGES AND NOUN PHRASES

As we mentioned before, the benefits of using passages and noun phrases
are faster query expansion and better user interaction, but this has little
impact on retrieval effectiveness. First, we examine the impact of using
noun phrases. When we let local context analysis extract single words and
pairs of words, the retrieval performance on TREC4 is only 0.2% worse
than using nouns and noun phrases (Table VI).

Second, we examine the impact of using passages. Table VII shows the
retrieval results (average precision and improvement over the baseline) on
TREC4 when both documents and 300–word passages are used for local
context analysis. Several different numbers of passages and documents
were used in order to make a thorough comparison. Using passages has no
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advantage over using whole documents: the best run of each method has
almost identical performance (31.1%). However, it requires fewer docu-
ments than passages to achieve the best performance (70 documents versus
100 passages). This is understandable because documents are longer than
passages.

Experiments show that using passages also has little impact on the
performance of local feedback. In the experiments, we treated the top-
ranked passages as if they were documents and applied local feedback. The
best run of using passages is close to that of using whole documents (Table
VIII).

To summarize, we conclude that the performance improvement by local
context analysis over local feedback we observed in the previous section is
due to a better metric for selecting expansion terms.

8. LOCAL CONTEXT ANALYSIS VERSUS LOCAL FEEDBACK

8.1 Varying the Number of Passages/Documents Used

One of the parameters in local context analysis and local feedback is how
many top-ranked passages/documents to use for a query. So far we have not
found a satisfactory method to automatically determine the optimal num-

Table VI. TREC4 Results: Comparing Noun Phrases with Words and Pairs of Words on the
Performance of Local Context Analysis. One hundred passages are used.

Precision (% change)—49 queries

Recall Noun Phrases Terms and Pairs

0 73.2 75.8 ~13.5!
10 57.1 56.9 ~20.2!
20 46.8 46.9 ~10.1!
30 39.9 39.3 ~21.4!
40 35.3 33.5 ~24.9!
50 29.9 28.2 ~25.9!
60 23.6 22.2 ~25.9!
70 17.9 18.0 ~10.5!
80 11.8 12.9 ~19.9!
90 5.7 6.9 ~121.1!

100 0.8 0.8 ~23.6!
Average 31.1 31.0 ~20.2!

Table VII. TREC4 Results: Using 300-Word Passages versus Using Whole Documents on
the Performance of Local Context Analysis

Number of Passages/Documents Used

10 20 30 50 70 100

300-Word Passages 29.5 29.9 30.2 30.4 30.5 31.1
117 118.6 119.8 120.6 121. 123.5

Whole Documents 30.2 30.9 30.8 30.8 31.1 30.7
119.9 122.6 122.5 122.4 123.4 121.9
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ber of passages/documents on a query-by-query basis. Until we find a
solution, we would prefer that a technique does not rely too heavily on the
particular value chosen for the parameter. In other words, a desirable
technique should work well for a wide range of choices.

Table VIII. TREC4 Results: Using 300-Word Passages versus Using Whole Documents on
the Performance of Local Feedback

Number of Passages/Documents Used

5 10 20 30 50 100

300-Word Passages 28.6 28.7 28.4 27.6 26.9 25.4
113.6 113.9 112.7 19.6 16.8 10.8

Whole Documents 28.7 27.9 26.9 27.2 26.7 26.1
114.0 111.0 16.8 18.2 16.2 13.5

Table IX. The Impact of the Number of Passages Used per Query on the Performance of
Local Context Analysis

Number of Passages

Collection 10 20 30 50 100 200 300 500

TREC3 36.6 37.5 38.7 38.9 38.9 39.3 39.1 38.3
116 118.9 122.6 123.2 123.3 124.4 123.7 121.3

TREC4 29.5 29.9 30.2 30.4 31.1 31.0 30.7 29.9
117 118.6 119.8 120.6 123.5 123.0 121.8 118.6

TREC5 23.0 23.0 22.5 21.1 21.5 21.1 20.8 20.9
19.2 19.2 16.8 10.3 12.3 10.1 21.0 20.9

WEST 55.9 56.5 55.6 55.8 55.6 54.6 54.4 53.6
13.8 15.0 13.4 13.7 13.3 11.6 11.2 20.4

Table X. The Impact of the Number of Documents Used per Query on the Performance of
Local Feedback

Number of Documents Used

Collection 5 10 20 30 50 100

TREC3 36.6 38.0 37.6 37.7 37.7 36.6
116.0 120.5 119.1 119.4 119.3 115.8

TREC4 28.7 27.9 26.9 27.2 26.7 26.1
114.0 111.0 16.8 18.2 16.2 13.5

TREC5 21.1 21.1 19.3 19.4 19.4 17.8
10.5 10.2 28.2 27.9 27.6 215.2

WEST 52.6 52.0 48.7 47.5 44.5 40.0
22.2 23.3 29.5 211.6 217.2 225.7
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First we vary the number of top-ranked passages used per query and
check the impact on the performance of local context analysis. The results
are shown in Table IX. For each collection and each choice of the number of
passages, the table shows the average precision and the improvement over
the baseline. The results show that local context analysis works for a wide
range of choices except for TREC5 (as we discussed before, the TREC5
query set should be considered an exception). For TREC3 and TREC4, any
choice between 30 to 300 works well.

Table X shows the impact of the number of top-ranked documents used
per query on the performance of local feedback. Local feedback depends
heavily on the number of documents used per query, except for TREC3.

In general, the results show that local context analysis is less sensitive to
the number of passages/documents used than local feedback. The difference
between the two techniques in this aspect is more clearly shown in Figure
2. From this figure we can see another difference between the two tech-
niques: their performances peak at quite different numbers of passages/
documents. The performance of local feedback peaks when relatively few
documents are used per query, while the performance of local context
analysis peaks when significantly more passages are used. On TREC4,
increasing the number of documents/passages from 10 to 100 hurts one
technique but improves the other. The same is observed even if the
top-ranked passages are used for local feedback. The difference can be
explained by the assumptions made by the two techniques about the
top-ranked set. The assumption made by local feedback (i.e., the relevant
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Fig. 2. Performance curves of local context analysis and local feedback on TREC4.
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cluster is the largest) is less likely to hold with a larger top-ranked set. As
we enlarge the set, the percentage of nonrelevant documents will increase.
The chance of retrieving large clusters of nonrelevant documents will also
increase. On the other hand, the assumption made by local context analysis
(i.e., a reasonable number of top-ranked documents are relevant) is more
likely to hold with a larger top-ranked set, because increasing the top-
ranked set will also increase the number of relevant documents. That is
why a large top-ranked set hurts one technique but helps the other.

8.2 Dependence on the Quality of the Top-Ranked Set

Although both local context analysis and local feedback assume that some
top-ranked documents/passages are relevant, experimental results on
TREC4 show that local context analysis is less heavily dependent on the
assumption than local feedback. We let both techniques use the top-ranked
100 passages for query expansion. We define a relevant passage as a
passage from a relevant document. The average number of relevant pas-
sages in the top-ranked set is 26 per query. In the discussion, we are only
interested in queries which are improved or degraded by a technique, with
performance change of 1% or more.

We first examine local context analysis. For queries improved by local
context analysis, the average number of relevant passages in the top-
ranked set is 29.7 per query. For queries degraded, the number is 8.6. For
queries with 18 or more relevant passages, none of them is hurt by local
context analysis. For queries with fewer than 18 relevant passages, some
are hurt, and some are improved by local context analysis.

We now examine local feedback. The improved queries have 32 relevant
passages in the top-ranked set per query on average, while the degraded
queries have 20 relevant passages per query. This analysis shows that local
feedback generally requires more relevant passages in the top-ranked set to
improve a query. Unlike local context analysis, local feedback hurts a
number of queries even if they have a substantial number of relevant
passages in the top-ranked set. An examination of the top-ranked passages
shows that such queries usually contain a large cluster of nonrelevant
passages. This supports our hypothesis that local feedback fails if the
relevant cluster is not the largest in the top-ranked set. One such query is
“What research is ongoing to reduce the effects of osteoporosis in existing
patients as well as prevent the disease occurring in those unafflicted at this
time?” Many passages about treatment of heart disease are retrieved
because they happen to use many of the query terms. Because local
feedback selects expansion features based on frequency in the top-ranked
set, terms such as “cholesterol” and “coronary” are chosen for query
expansion. In comparison, local context analysis avoids this problem be-
cause the passages about heart disease do not use the query term “osteopo-
rosis,” and therefore concepts in them will not cooccur with that the term.

The fact that local context analysis is still dependent on the relevance of
some top-ranked passages/documents means that if we can predict with
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high accuracy whether the top-ranked set contains enough relevant passag-
es/documents, we would be able to do a better job improving retrieval
performance. Rather than expand all queries, we would only expand those
which are likely to have enough top-ranked relevant passages. One method
we have tried is based on the number of matched query terms in the
top-ranked passages. The basic idea is that if the top-ranked passages
contain few query terms, they are unlikely to be relevant, and we will not
expand the query. Unfortunately, this simple method does not work. Data
obtained on TREC4 show that the queries improved and show that the
queries hurt by local context analysis have roughly the same average
number of matched query terms (about 4.0) in a top-ranked passage when
the top 10 passages are considered for each query. Whether more refined
methods will work awaits further investigation.

8.3 Differences in Expansion Features

We found that local context analysis and local feedback select very different
expansion features, even though both techniques operate on the top-ranked
set. When the best runs of the two techniques on TREC4 are considered,
the average number of unique words in the expansion features is 58 per
query for local feedback and 78 for local context analysis (multiword
features are broken into single words in computing the statistics). The
number of overlapping words is only 17.6 per query. Some queries ex-
panded quite differently are improved by both methods. The small overlap
is understandable because the expansion features chosen by local feedback
and local context analysis have different properties. In general, those
selected by local feedback have a high frequency in the top-ranked set while
those selected by local context analysis cooccur with all query terms in the
top-ranked set.

9. COMPARING LOCAL CONTEXT ANALYSIS WITH PHRASEFINDER

We have discussed the impact of the number of passages used on the
performance of local context analysis. We now revisit this issue. If all
passages in a collection are used, local context analysis will be very similar
to Phrasefinder in that both techniques prefer expansion concepts that
cooccur with all query terms. In other words, Phrasefinder can be viewed as
an extreme case of local context analysis. The performance curve of local
context analysis in Figure 2 predicts that this extreme case of local context
analysis will be worse than using the top-ranked passages. This is con-
firmed by the actual retrieval results of Phrasefinder.

The inferior performance of Phrasefinder is due to the low-ranked
passages (documents). Since the overwhelming majority (approaching 100%
on large collections) of them are not even remotely related to the topic of
the query, using them is not only inefficient, but also hurts the chance of
choosing the good concepts for query expansion. For example, let us
consider one TREC4 query “Is there data available to suggest that capital
punishment is a deterrent to crime?” Phrasefinder added some nonrelevant
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concepts such as “Iraqi leader,” “world order,” “Iraqi army,” and “shields” to
the query because they cooccur with query terms “available,” “suggest,”
“capital,” “crime,” and “deterrent” in the collection. It happens that many
documents in the collection are about the military operation called Desert
Storm, and many of the terms in the query occur in some of these
documents (though not simultaneously). Since Phrasefinder uses global
cooccurrences for query expansion, it chooses the common concepts from
these documents. This is not a problem for local context analysis because
these passages are not in the top-ranked set.

10. PARAMETER VARIATION

We now experiment with different parameter values and see how the
performance of local context analysis is affected. The parameters we
consider are the passage size, the d-value (in the function f~c, Q!), and the
number of concepts added to a query.

10.1 Passage Size

In Table XI, we list the retrieval performance of local context analysis on
WEST using different passage sizes. We experimented with passage sizes
100, 200, 300, 400, and 500 words. For each passage size, we used the top
10, 20, 30, 40, 50, 100, 200, and 300 passages for query expansion. As we
can see from the table, local context analysis produces improvements over
the baseline for a wide range of passage sizes and numbers of passages
used. In general, with a larger passage size, optimal performance occurs
with a smaller number of passages. Performance seems to be independent
of the passage size.

Though the experiments on WEST show that the performance is indepen-
dent of the passage size, we believe that neither too large a passage size

Table XI. Effect of Passage Size and Number of Passages Used on Retrieval Performance of
Local Context Analysis on WEST

Passage
Size

Number of Passages Used

10 20 30 40 50 100 200 300

100 55.3 55.9 55.8 56.3 56.6 55.4 54.8 54.7
12.8 13.8 13.7 14.7 15.2 13.0 11.8 11.6

200 55.3 56.7 57.0 57.3 57.0 56.1 55.1 54.6
12.8 15.5 15.9 16.5 16.0 14.4 12.5 11.5

300 55.9 56.5 55.6 55.7 55.8 55.6 54.6 54.4
13.8 15.0 13.4 13.6 13.7 13.3 11.6 11.2

400 56.5 56.7 55.7 55.5 55.8 55.9 54.5 53.7
14.9 15.4 13.6 13.1 13.8 14.0 11.3 20.1

500 56.0 56.4 56.3 56.7 56.2 55.9 55.0 54.2
14.1 14.8 14.7 15.5 14.5 14.0 12.2 10.7
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nor too small a passage size is desirable. If the passage size is too small,
there will be fewer matched words between a query and the passages. A
passage matching only the noncontent words in the query may be ranked
high for the query. Consequently, the quality of the retrieved passages is
affected. Since the WEST queries are short, this is not a serious problem.
But this could be a problem for longer queries such as the TREC3 queries.
If the passage size is too large, it will slow query expansion because the
top-ranked passages may contain extraneous text. It seems that 300 words
is a good choice for the passage size.

The best approach may be to segment long documents into passages so
that each passage is about a topic. Techniques that automatically segment
long documents or text streams by topics have been proposed in a number
of studies [Hearst 1994; Ponte and Croft 1997]. We plan to investigate the
application of these techniques for local context analysis in future work.

10.2 d-Value

Table XII shows the effect of the d-value on the performance of local context
analysis on TREC4. We can see that the average precision is relatively
insensitive to the d-value. But precision at individual recall points is
affected. In general, a small d-value is good for precision, and a large
d-value is good for recall. We have discussed that a small d-value favors
concepts cooccurring with all query terms, while a large d-value favors
those cooccurring with individual query terms. The experimental results
seem to imply that concepts cooccurring with all query terms are good for
precision, and concepts cooccurring with individual query terms are good
for recall.

10.3 Number of Concepts to Use

In the previous experiments, we added 70 concepts to each query. Adding
so many concepts can significantly slow the retrieval process. We now

Table XII. Effect of d-Values on Performance of Local Context Analysis on TREC4

Precision (% change)—49 Queries

Recall 0.001 0.01 0.05 0.1 0.2 0.3

0 77.8 75.7 (22.7) 73.4 (25.6) 73.2 (25.9) 72.9 (26.3) 73.1 (26.0)
10 55.1 54.9 (20.2) 57.0 (13.6) 57.1 (13.7) 56.8 (13.2) 56.6 (12.7)
20 46.7 47.4 (11.6) 47.7 (12.2) 46.8 (10.3) 46.6 (20.1) 46.5 (20.5)
30 40.0 40.4 (11.0) 40.0 (10.1) 39.9 (20.2) 39.6 (20.9) 39.4 (21.5)
40 34.8 35.4 (11.6) 35.4 (11.7) 35.3 (11.4) 34.8 (10.1) 34.6 (20.7)
50 29.4 30.1 (12.4) 30.2 (12.6) 29.9 (11.7) 30.1 (12.4) 30.1 (12.2)
60 22.5 23.1 (12.6) 23.7 (15.3) 23.6 (15.2) 24.1 (17.3) 24.1 (17.1)
70 15.9 17.0 (16.6) 17.7 (111.2) 17.9 (112.3) 17.6 (110.7) 17.6 (110.3)
80 11.0 11.6 (16.0) 11.7 (17.2) 11.8 (17.3) 11.9 (18.3) 11.9 (18.2)
90 5.1 5.3 (14.6) 5.6 (111.3) 5.7 (111.9) 5.9 (115.4) 5.9 (116.8)

100 0.8 0.9 (111.2) 0.8 (17.5) 0.8 (17.4) 0.9 (111.9) 0.9 (111.6)
Avg 30.8 31.1 (10.8) 31.2 (11.3) 31.1 (10.9) 31.0 (10.7) 30.9 (10.4)
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examine how the performance of local context analysis is affected if we use
only 30 concepts for query expansion. A property of the INQUERY #WSUM
operator is that the fewer operands that are inside the operator, the larger
the belief value it returns. To offset the larger belief value produced by the
auxiliary query because of the decrease in the number of concepts used, we
set the weight of the auxiliary query to 1.0 rather than the default 2.0. The
retrieval performance is shown in Table XIII. The performance using 30
concepts is only slightly worse than that of using 70 concepts. This means
that the concepts ranked below 30 are only slightly useful for retrieval.

11. RELEVANCE FEEDBACK

For automatic query expansion where we do not know which retrieved
documents are relevant, we have shown that the feature selection metric of
local context analysis is better than that of local feedback. In a true
relevance feedback environment where we know which retrieved docu-
ments are relevant, however, selecting the most frequent terms in the
relevant documents is a better strategy than selecting terms based on
cooccurrence, as shown by the experiments presented below.

We used 50 queries from the TREC5 and TREC6 topics to form a query
set and used the Financial Times documents in TREC volume 4 as a
training collection. For each query, 20 documents were retrieved from the
training collection to form a training sample. Two versions of expanded
queries were created. The first version was created by standard relevance
feedback: the most frequent terms (excluding stopwords) from the relevant
documents in the training sample were used for query expansion. The
second version used the feature selection strategy of local context analysis.
That is, the expansion terms in the second version were chosen based on
their cooccurrences with the query terms in the relevant passages in the
training sample (a relevant passage is a passage from a relevant docu-
ment). For a fair comparison, both versions used the same number of

Table XIII. Using 70 Concepts versus Using 30 Concepts on TREC4

Precision (% change)—49 Queries

Recall Baseline lca-70-cpt lca-30-cpt

0 71.0 73.2 (13.2) 72.9 (12.7)
10 49.3 57.1 (115.7) 56.6 (114.8)
20 40.4 46.8 (116.0) 47.3 (117.2)
30 33.3 39.9 (119.8) 40.5 (121.6)
40 27.3 35.3 (129.1) 35.2 (128.9)
50 21.6 29.9 (138.4) 29.7 (137.1)
60 14.8 23.6 (159.8) 22.5 (152.0)
70 9.5 17.9 (189.1) 16.3 (172.5)
80 6.2 11.8 (191.0) 10.9 (177.7)
90 3.1 5.7 (180.2) 5.5 (174.7)

100 0.4 0.8 (188.2) 0.8 (175.9)
Average 25.2 31.1 (123.5) 30.7 (122.1)
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expansion terms (30 per query) and the same weighting method (Rocchio
a : b : g 5 2 : 8 : 1). Two test collections were used: one for queries from
TREC5 and consisting of AP and WSJ documents in TREC volume 2, and
the other for queries from TREC6 and consisting of FBIS and the Los
Angeles Times documents in TREC volume 5. Each query in the query set
has more than 10 relevant documents in the training collection and in the
test collection.

The results are shown in Table XIV. While both versions are significantly
better than the unexpanded queries, standard relevance feedback is notice-
ably (about 5%) better than local context analysis. The results show that
automatic query expansion without relevance judgments and true rele-
vance feedback are quite different tasks and require different strategies for
feature selection.

12. RESULTS ON CHINESE AND SPANISH COLLECTIONS

We have shown that local context analysis works on English collections. We
now show that it also works on collections in other languages. The experi-
ments in this section were carried out using the Chinese and Spanish
collections of the TREC5 conference. They were mostly carried out by fellow
IR researchers at UMass for the TREC5 conference. As a result, some
parameter values are different from the ones used in the previous experi-
ments.

The Chinese experiments were carried out on the TREC5-CHINESE
collection. Query terms are Chinese words recognized by Useg [Ponte and
Croft 1996], a Chinese segmenter based on the hidden Markov model. We
define concepts as words in the documents recognized by the segmenter.
Documents are broken into passages containing no more than 1500 Chinese
characters. To expand a query, the top 30 concepts from the top 10
passages for the query are used. Concept i is assigned the weight

Table XIV. Comparing Term Selection by Frequency and Term Selection by Cooccurrence
for Relevance Feedback

Precision (% change)—50 Queries

Recall Base Feedback by Frequency Feedback by Cooccurrence

0 77.7 82.0 (15.6) 82.9 (16.8)
10 50.6 56.0 (110.6) 56.9 (112.2)
20 37.1 48.3 (130.2) 48.4 (130.4)
30 30.0 41.1 (137.3) 37.9 (126.7)
40 24.5 34.1 (139.3) 31.0 (126.9)
50 20.3 28.7 (141.4) 24.8 (122.2)
60 15.8 23.4 (147.9) 19.8 (125.6)
70 10.7 18.3 (170.9) 15.4 (144.0)
80 7.2 12.9 (178.4) 10.6 (147.1)
90 2.7 7.2 (1160.6) 6.4 (1133.4)

100 0.6 1.7 (1193.7) 1.9 (1225.7)
Average 25.2 32.1 (127.6) 30.6 (121.3)
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The weight of the auxiliary query is set to 1.0. Table XV shows the retrieval
performance of local context analysis on the Chinese collection. The im-
provement over the baseline is 14% and is statistically significant (p-value
5 0.01).

The Spanish experiments were carried out on the TREC5-SPANISH
collection. Concepts are noun phrases in the documents recognized by a
part-of-speech tagger for Spanish. The passage size is 200 words. The top
31 concepts from the top 20 passages are added to each query. The top
concept is given the weight 1.0 with all subsequent concepts downweighted
by 1/100 for each position further down the rank. The weight of the
auxiliary query is 1.0. Table XVI shows the retrieval performance of local
context analysis on the Spanish collection. Local context analysis produces
a 13% improvement in average precision over the unexpanded queries. The
t-test indicates the improvement is statistically significant (p-value 5
0.005). The precision at recall 0.0 is 7% worse, but the drop is not
statistically significant. The drop appears to be caused by a few outliers in
the query set. The small size of the query set (25 queries) makes its
performance susceptible to outliers.

13. CROSS CORPORA EXPANSION

Local context analysis assumes that query words and their alternatives
have some chance to cooccur in a collection. In other words, it assumes that
vocabulary X and its alternative Y are used together in some documents D
in a collection. When a user posts a query written in X, we search for it and
find documents D. Then from documents D we find the alternative vocab-
ulary Y and use it to expand the query. In fact, this is the assumption
behind all query expansion techniques except for perhaps manual thesauri.
But the assumption does not always hold. It sometimes happens that X and

Table XV. Performance of Local Context Analysis on TREC5-CHINESE

Precision (% change)—19 Queries

Recall Base lca

0 69.1 74.9 (18.4)
10 56.8 60.7 (16.8)
20 49.2 56.2 (114.1)
30 43.1 48.5 (112.4)
40 37.2 44.2 (118.9)
50 33.2 36.3 (19.3)
60 26.9 31.2 (116.1)
70 20.1 26.3 (131.2)
80 16.8 21.9 (130.1)
90 12.5 14.5 (116.2)

100 3.7 5.7 (153.4)
Average 33.5 38.2 (114.0)
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Y are not used together in any documents in a collection. For example, a
reporter used the query “elderly black Americans” to search a collection of
congressional bills and found no relevant documents for his query because
politicians do not use “black Americans” to describe “African-Americans”
[Croft et al. 1995].

One method to address the above problem is to expand a query on a
different collection which indeed uses alternative vocabularies in its docu-
ments. A similar technique was used by several groups in TREC6 and
TREC7: other sources of documents in addition to the original collection
were used for query expansion [Allan et al. 1998; Kwok et al. 1998; Walker
et al. 1998]. We have done an experiment to demonstrate this idea. The
experiment was carried out on TREC5. But unlike previous experiments,
the TREC5 queries were expanded on a different collection. The collection
consists all the newspaper articles in TREC volumes 1–5, totaling 3GB,
with sources Associated Press, Wall Street Journal, San Jose Mercury,
Financial Times, Foreign Broadcast Information Service, and the Los
Angeles Times. Since newspaper articles generally have a very wide audi-
ence, we conjecture that they would use different vocabularies and, there-
fore, be a good source of documents for query expansion. The conjecture is
supported by the retrieval results in Table XVII. Using the newspaper
collection significantly improves the retrieval performance (14.3% over the
baseline and 11.8% over using the native TREC5 collection for query
expansion).

14. VERY SHORT QUERIES

Although queries in some of the query sets used in previous sections are
relatively short (see Table I), queries in some applications are even shorter.
For example, applications that provide searching across the World Wide
Web typically record average query lengths of two words [Croft et al. 1995].
In order to simulate retrieval in such applications, we did an experiment

Table XVI. Performance of Local Context Analysis on TREC5-SPANISH

Precision (% change)—25 Queries

Recall Base lca

0 85.5 79.6 (27.0)
10 72.0 74.9 (14.2)
20 55.2 66.8 (121.1)
30 49.8 60.1 (120.8)
40 45.4 51.2 (112.9)
50 39.8 47.1 (118.3)
60 33.5 40.5 (120.8)
70 27.9 34.9 (124.7)
80 22.0 28.2 (128.1)
90 16.6 21.3 (127.9)

100 1.8 3.5 (186.9)
Average 40.9 46.2 (113.0)
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using a set of very short queries to search the TREC5 collections. The
queries are the title fields of the TREC5 topics and mostly consist of a
phrase, e.g., “gun control,” computer security,” and so forth. The average
query length after removal of stopwords is only 3.2 words per query, which
is close to the length of typical queries on the World Wide Web. In
comparison, the average length of the TREC5 queries used in previous
sections is 7.1 words per query. Since the queries are significantly shorter,
word mismatch is a more serious problem. We conjecture that query
expansion should produce more substantial improvement than using the
longer queries.

The conjecture is supported by retrieval results in Table XVIII. The
queries were expanded by local context analysis using the newspaper
collection described in Section 13. Query expansion results in a substantial
24.9% improvement over the unexpanded queries. In comparison, query
expansion results in smaller (14.3%) improvement for the long queries
(Table XVII). Without query expansion, the short queries are 19.4% worse
than the long queries. This suggests that for the same information need,
word mismatch is more serious and query expansion more helpful for a
short query than for a long query. We should note that the same is not
necessarily true for different information needs, because the effectiveness
of query expansion also depends on other factors. For example, the WEST
queries are shorter than the TREC3 queries; however, the WEST baseline
is much better than the TREC3 baseline, and query expansion is less
helpful for the WEST queries than for the TREC3 queries. Further work is
needed to find other factors affecting the effectiveness of query expansion.

15. EFFICIENCY AND OPTIMIZATION

In this section we discuss the computational costs of local context analysis.
We should note that the main purpose of this article is to demonstrate the
usefulness of the technique, and therefore efficiency is a secondary consid-

Table XVII. Using a Newspaper Collection to Expand TREC5 Queries. One hundred
passages are used.

Precision (% change)—50 Queries

Recall Base Use TREC5 Use Newspaper

0 64.1 53.7 (216.2) 60.2 (26.1)
10 37.5 34.4 (28.4) 41.3 (110.0)
20 29.1 30.9 (16.3) 34.7 (119.2)
30 24.1 26.4 (19.3) 28.6 (118.4)
40 21.3 23.5 (110.5) 24.7 (116.4)
50 17.9 20.7 (115.8) 21.8 (121.8)
60 12.6 17.1 (136.2) 18.5 (147.3)
70 10.1 12.7 (125.2) 15.3 (150.9)
80 7.2 8.7 (121.6) 9.9 (137.9)
90 4.8 6.2 (128.2) 6.8 (142.4)

100 2.7 2.4 (213.5) 2.7 (10.0)
Average 21.0 21.5 (12.3) 24.1 (114.3)
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eration in our implementation. Before we present the performance figures
under the current implementation, it is important to know the issues and
overheads when local context analysis is used in a production system.

In a production environment, local context analysis would be an integral
part of the retrieval system rather than separate software. The only
augmentation to the index structure is a dictionary which stores the
frequencies of the concepts in a collection. At indexing time, we need to
recognize the concepts as documents are parsed. Based on our current
implementation, we estimate that concept recognition will increase the
indexing time by at most 50%. At query time, the system retrieves the
top-ranked passages, parses them, collects the cooccurrences between con-
cepts and query terms, and then ranks the concepts. Finally, the system
adds the best concepts to the query and performs a second retrieval. Most
of the extra work at query time is likely to be the initial retrieval. If
parsing the top-ranked passages turns out to be the bottleneck, an option is
to store the concepts in the index structure. That will slightly increase the
storage overhead.

We now report the overheads under our prototype implementation.
Experiments were carried out on a DEC alpha workstation. The TREC4
collection (2GB of text) was used in the experiments. Passage size is 300
words. Our implementation requires a local context analysis database in
order to carry out query expansion on a collection. The database for TREC4
takes about 0.67GB, which is broken down as following:

—The concept dictionary, which stores the frequency of the concepts,
167MB.

—The term dictionary, which stores the frequency of the terms, 43MB.

—The concept file, which sequentially stores for each passage the concepts
that occur in the passage and the numbers of occurrences, 251MB.

Table XVIII. Using Local Context Analysis to Expand TREC5 Title Queries

Precision (% change)—50 Queries

Recall Title Title-lca

0 53.2 57.5 (18.1)
10 29.7 35.1 (118.3)
20 23.7 29.3 (123.4)
30 20.1 24.9 (123.7)
40 17.5 21.9 (125.3)
50 15.2 19.6 (129.1)
60 10.8 16.5 (153.1)
70 6.9 12.3 (177.9)
80 4.9 8.4 (171.0)
90 2.8 5.1 (183.0)

100 1.8 2.5 (140.5)
Average 17.0 21.2 (124.9)
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—The term file, which is analogous to the concept file except it is for terms,
213MB.

The time to build the local context analysis database for TREC4 is about
four hours of wall clock time, most of which is spent on parsing and
part-of-speech tagging. Currently, we also need to index the passages in
order for INQUERY to retrieve the top-ranked passages for a query. The is
simply a software artifact. With minor modification to the retrieval system,
INQUERY can retrieve the top-ranked passages without creating a sepa-
rate index for passages.

Query expansion consists of two steps. In the first step, INQUERY
retrieves the passage identifiers of the top-ranked passages for a query.
This step takes about 10 seconds per query. In the second step, concepts in
the top-ranked passages are ranked, and the top-ranked concepts are
output for query expansion. This steps takes about two seconds per query
when 100 passages are used. The total time to expand a query is about 12
seconds.

The memory usage under the current implementation is very high
(200MB), but can be easily cut to an acceptable level. The high memory
usage is due to a large number of infrequent concepts in the concept
dictionary. The TREC4 concept dictionary contains 4.9 million concepts,
but most of them occur no more than a couple of times in the whole
collection. Experimental results in Table XIX show that such concepts have
limited, if any, impact on retrieval effectiveness. Filtering out those con-
cepts occurring less than five times only affected retrieval performance by
0.7%. However, the size of the concept dictionary is reduced from 167MB to
17MB.

16. OTHER APPLICATIONS

Recently, we and fellow IR researchers at UMass have applied local context
analysis in other IR-related problems and demonstrated promising results.

Table XIX. Filtering Low-Frequency (less than five times) Concepts on the Performance of
Local Context Analysis (TREC4)

Precision (% change)—49 Queries

Recall No Filter Filter

0 73.2 71.4 (22.4)
10 57.1 56.9 (20.3)
20 46.8 46.9 (10.0)
30 39.9 40.3 (11.1)
40 35.3 35.1 (20.4)
50 29.9 29.9 (20.2)
60 23.6 23.2 (21.9)
70 17.9 17.4 (22.7)
80 11.8 12.0 (11.7)
90 5.7 5.7 (20.4)

100 0.8 0.9 (11.1)
Average 31.1 30.9 (20.7)
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One application is distributed IR [Xu and Callan 1998]. A critical problem
for distributed IR is choosing the right collections to search for a query.
This is usually done by comparing a query with the dictionary information
of each collection (e.g., terms and their document frequency in the collec-
tion). However, this method does not work well for typical ad hoc queries
because most of the query terms are not discriminatory enough for the
purpose of separating good collections from bad ones. Local context analysis
can find highly specific terms for a query and enhance the discriminatory
power of the query.

The second application is cross-language retrieval [Ballesteros 1997],
where a query in one language must be translated in order to be used for
retrieval in another language (e.g., English to Spanish). A major hindrance
for effective cross-language retrieval is the poor translation caused by the
ambiguity of the query terms. Local context analysis can provide very
specific expansion concepts and as a result improve the quality of query
translation and retrieval effectiveness.

The third application is topic segmentation [Ponte and Croft 1997]. The
task of topic segmentation is to detect topic transitions in a text stream
(e.g., a news feed) and break it into coherent documents. The commonly
used technique is to compare two adjacent pieces of text (e.g., sentences) to
see whether they share any words. The assumption is that within-topic
sentences significantly share words, and cross-topic sentences do not.
However, the assumption is often violated because of synonyms and word
ambiguity. The solution is to treat the two pieces of text as two queries and
expand them using local context analysis. Because the expansion concepts
are related to the original texts, comparing the expanded texts results in
more accurate detection of topic changes.

17. CONCLUSIONS AND FUTURE WORK

In this article we have proposed a new technique for automatic query
expansion, called local context analysis. Experimental results on a number
of collections show that it is more effective than existing techniques.

We will pursue the work in several directions. Firstly, the current
function for concept selection, though it works well, is mostly heuristically
driven. We hope that a function based on more formal considerations will
further improve the retrieval performance. We are currently investigating
several approaches including using language models for concept selection
(J. Ponte, 1998, personal communications). Secondly, we need to be more
flexible in query expansion. Currently we expand every query, even though
some queries are inherently ambiguous and the best strategy is no expan-
sion at all. An ambiguous query typically retrieves several clusters of
documents which match the query equally well. We hope to utilize this
property to determine whether a query is ambiguous. For an ambiguous
query, we can choose to not expand it or ask the user to refine it. Lastly,
our method to assign weights to the expansion concepts is ad hoc and needs
to be improved.
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