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Abstract

We investigate the use of multiword query features
to improve the effectiveness of text-retrieval sys-
tems that accept natural-language queries. A rel-
evance feedback process is explained that expands
an initial query with single and multiword features.
The multiword features are modelled as a set of
words appearing within windows of varying sizes.
Our experimental results suggest that windows of
larger span yield improvements in retrieval over
windows of smaller span. This result gives rise to
a query contraction process that prunes 25% of the
features in an expanded query with no loss in re-
trieval effectiveness.

1 Introduction

The following work investigates the representation
for queries used in text-based information retrieval
systems. The query representation described has
applications in document filtering, routing, and
clustering in addition to website searching. Our
primary focus is the use of query features that
represent concepts expressible in natural language
by multiple words. We explore ways of obtaining
useful multiple word features in a computationally
tractable manner.

Text classification systems that perform various
retrieval tasks are often implemented based on a
model of word cooccurrence between a query rep-
resentation and a potentially relevant document.
Queries are provided by a user, or they are auto-
matically generated with a query expansion pro-
cess. The query representation for several com-
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mercial and research systems comprises words and
weights of their relative importance. Users of web
search-engines, such as Excite! and Infoseek, are
currently entering very few words (without weights)
per query [8]; however, the data from document
retrieval research suggests that expanding queries
with many words yields better results [3, 23, 12].

It becomes evident from examples that using
queries comprising weighted independent single
words, or their boolean combinations, limits re-
trieval effectiveness. Consider a user interested
in information about Harley Davidson Motorcy-
cles. Documents containing the word “Davidson”
without the word “Harley” become unwanted rele-
vant candidates using weighted independent words.
Boolean combinations of words introduce ambigu-
ity between the concept they are intended to rep-
resent, and other concepts that contain the same
words. For example, a user interested in documents
about The World Bank is not necessarily interested
in retrieving documents about the merger that cre-
ated the world’s largest bank. In these examples,
specifying the query as a phrase would assist in
discriminating between relevant and non-relevant
documents.

Much of the previous work that uses natural lan-
guage phrases and other proximity constraints be-
tween multiple words suggests that “the closer a
set of intersecting terms, the more likely they are
to indicate relevance” [11]. Our experiments indi-
cate that in the context of massive query expansion
(queries with several hundred features), retrieval ef-
fectiveness improves by using query features imple-
mented as sets of words that appear further sepa-
rated within natural language text.

In the following section we discuss multiword fea-
tures and how they are used in several document
classification environments. A web-based query ex-
pansion process that uses a similar query repre-
sentation to the work described here is presented
in Section 3. In Section 4 we explain our mas-
sive query expansion process which is applicable to
large-scale document filtering, routing and cluster-
ing tasks. Our query contraction process and ex-



perimental results are described in Section 5.

2 Related Work

A retrieval system that uses features exclusively
mapped from single words has its drawbacks. Sin-
gle word features are limited in the type of concept
that can be represented by natural language. For
example, the words “East” and “Coast” become a
new concept when they are combined. Previous
research in document classification extends the fea-
ture space by extracting natural language phrases
and more general multiword features.

The utility of multiword features and their effects
on retrieval has been mixed in the previous litera-
ture. Lewis [13] has documented some of the earlier
work pertaining to representation and ambiguity is-
sues arising from the use of phrases. In addition,
TREC routing and filtering participants using mul-
tiword features do not appear to significantly out-
perform some participants that use only single word
features [17].

These negative conclusions regarding multiword
features are offset by positive results that have been
reported. For example, Strzalkowski and Carballo
[19] describe improvements in ad hoc retrieval us-
ing natural language phrases. Allan et al. [1] and
Hawking et al. [11] report using proximity opera-
tors over sets of multiple words for improving fil-
tering and ad hoc retrieval. Boolean features com-
prising multiple words have been used to improve
precision by Hearst [12].

Results for other document classification problems
show solutions using multiword features. Recent
work by Carrick and Watters explained an appli-
cation that matches news stories to photo captions
using a frame-based approach focusing on proper
noun phrases [6]. Riloff and Lehnert [16] also use
multiword features as an integral part of a mes-
sage understanding system that classifies news sto-
ries into pre-specified event frames.

There are several reported methods for extracting
multiword features. N-gram models based on mu-
tual information metrics are used to find sets of
adjacent words that are likely to cooccur within
sentences [2]. Part-of-speech tagging using pre-
specified syntactic templates or more complex nat-
ural language parsing [9, 21] give rise to related
multiple words comprising noun, verb, and prepo-
sitional phrases. In general, many of the previ-
ous techniques for extracting multiword features
are based on finding phrases and multiple words
that occur near each other within text; however,
our approach suggests that modelling natural lan-
guage concepts using words that may occur further
apart improves retrieval.

3  Multiword Query Expansion

Queries comprising single word features appear to
be sufficient for the typical internet search. A re-
cent sample of roughly 500,000 queries from the
Excite! search engine indicates that the average re-
quest is a query of 2.3 words [8]. A closer inspection
of the corpus indicates that 95% of the searches do
not make use of phrase query features even though
the functionality for creating them is provided. We
posit that simple and complex information requests
benefit from representations that handle concepts
that are expressible in natural language by more
than one word. The major problem is to find mul-
tiword features that represent important concepts,
automatically, and in a computationally tractable
manner.

The integration of multiword features into the
query representation implies additional support
from the system’s indexing processes, and requires
new query language constructs for expressing con-
cepts in natural language. One prevalent method
for creating multiword features is to build system
functionality that incorporates the proximity be-
tween words. Inquery [5, 1], for example, accepts
queries containing ordered and unordered-window
operators. They allow the user to specify an infor-
mation request more precisely by imposing a local-
ity constraint on groups of words.

Croft et al. tracked several thousand queries against
the Thomas Congressional database and found that
most queries were between 2 and 8 words!. In ad-
dition, they showed that internally translating the
user’s request into a query containing proximity op-
erators provided better results than using the single
words [7]. For example, the query “balanced bud-
get amendment” would be translated to:

#WSUM( 1.0 1.0 balanced 1.0 budget 1.0 amendment
90.0 #3( balanced budget amendment )
45.0 #UW30( balanced budget amendment )
90.0 #BAND( balanced budget amendment )
20.0 #FIELD( TITLE #WSUM( 1.0
1.0 balanced 1.0 budget 1.0 amendment
20.0 #3( balanced budget amendment )
10.0 #UW30( balanced budget amendment )
1.0 #BAND( balanced budget amendment )))
10.0 #PASSAGE200( balanced budget amendment ))

where #3, #UW30, #BAND, and #PASSAGE200
are proximity operators that can be calculated us-
ing term position information contained in the in-
verted file. The value preceding an operator rep-
resents its relative weight. Inquery’s #WSUM op-
erator is used as the comparison function between
a query and the documents in the collection. This
comparison function and a subset of these opera-

1A recent analysis indicated that the average Thomas
query was 2.3 words as well.



tors are used in the experiments that follow and
are described below.

The #3 operator requires that its arguments oc-
cur within 3 words of each other—e.g., #3(nursing
home) allows up to two words between nursing and
home. The #UW30 operator is similar, but looks
for its arguments in an wunordered window of 30
words—i.e., the words can occur in any order as
long as they all occur within a set of 30 words. Mul-
tiple words appearing within a window of size 5 can
be interpreted as words appearing within a phrase.
A window of size 20 would represent a concept ap-
pearing within a sentence. A window of size 50 can
be viewed as spanning a paragraph, and one of size
200 can be viewed as spanning adjacent paragraphs
or a passage.

The #PASSAGE200 operator is like #UW200 op-
erator except that it does not require that all of the
words be present; it gives greater belief to 200-word
passages that contain more of the words. Finally,
#BAND is a Boolean “and” operator that looks for
words that cooccur in the same document, regard-
less of the distance separating them.

4 Massive Query Expansion

4.1 Retrieval Representation

The massive query expansion process used in the
experiments that follow is based on an implemen-
tation of the Inquery retrieval system [5]. For
any comparison of document d from collection ¢
to query g, we used the evaluation function of the
#WSUM operator:

la|
al s - ds
eval(q,d,c) = @ (1)
lal w;
i=1 Wi
where |g| is the number of features in the query, w;
is the weight of query feature g;, and d; is the be-
lief that the feature’s appearance in the document

indicates relevance to the query.

Belief values are produced by Inquery’s belief func-
tion, which uses a probabilistic inference network
model [20]. In our implementation, the belief func-
tion is composed of a feature frequency component,
ff, and an inverse document frequency component,
idf. For any instance of document d and collection
c

d; = belief(q;,d,c) = 0.4+ 0.6 = ff= idf (2)

where
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t is the number of times feature g; occurs in the
document, df is the number of documents in which
the feature appears in the collection, dl is the doc-
ument’s length, avg._dl is the average document
length in the collection, and |c| is the number of
documents in the collection.

4.2 Expansion Process

The query expansion process used for this work is
similar to and based upon those described in [3, 1].
The process has two steps: feature selection and
feature weight assignment.

The primary focus of our experiments is on multi-
word feature selection. Our methodology for select-
ing expansion features begins with collecting the
union of the stemmed words appearing in docu-
ments judged to be relevant and non-relevant. The
top 50 words are sorted by the following metric and
constraint: r n

BN >0 (3)
where r is the number of relevant documents in
which the feature occurs, R is the total number of
judged relevant documents, n is the number of non-
relevant documents in which the feature occurs, and
N is the total number of judged non-relevant doc-
uments. The metric is the percent of judged rele-
vant documents minus the percent of judged non-
relevant in which the feature occurs.

Expansion continues by adding multiword fea-
tures. The word-pairs of each document are passed
through proximity operators #1, #UW5, #UW20,
#UW50, and the top 50 multiword features (based
on Equation 3) for each window size are added to
the query. In an effort to build multiword features
comprising more than two words, the single and
multiword features obtained from the process de-
scribed thus far are passed through the #BAND
operator, and the top 50 #BANDs are added to
the query. Phrases are added at the beginning of
the expansion processes using a technique described
in [1].

In the following experiments query feature weights
are assigned using a relevance feedback methodol-
ogy similar to one originally developed by Rocchio
[18]. The weight we assign to added query features
is based on the ff component of the comparison
model described above. For any added feature and
set of judged documents, w; = 8+ ff,..; — 2* ff, o nrers
where ff,.; is the average ff component of the fea-
ture in relevant documents, and ff,,,,,.; is the aver-
age ff component in non-relevant documents. The
weights for this Rocchio function were determined
to work well empirically.



40 TREC-4 Queries

Expansion step Precision | Improvement
Words only 15.2

Words and top 50 #1 17.1 12.5%
Words and top 50 #UW5 17.6 15.8%
Words and top 50 #UW20 19.5 28.3%
Words and top 50 #UW50 20.3 33.6%
Words and top 50 #PHRASE 20.3 33.6%
Words and top 50 #BAND 24.0 57.9%

Table 1: Precision improvements on test set realized by expansion with multiword features.

40 TREC-4 Queries

Expansion step Precision | Successive improvement
Words Only 15.2

after also adding top 50 #PHRASE 20.3 33.6%

after also adding top 50 #1 21.6 6.4%

after also adding top 50 #UW5 23.2 7.4%

after also adding top 50 #UW20 25.1 8.2%

after also adding top 50 #UW50 25.8 2.8%

after also adding top 50 #BAND 27.4 6.2%

Table 2: Successive precision improvements on test set realized by massive query expansion.

5 Experiments

5.1 Data

Experiments were conducted on 50 natural-
language information requests used for the routing
track for TREC-4 [10]. The queries are a subset
of TREC topics 3-191. The short description for
each topic was stemmed, and then stopwords were
removed to produce the initial query. Each query
was subsequently expanded in several ways using
the retrieval and expansion processes described in
the section above.

The judged documents from Tipster volumes 1,2
and 3 were used for training, while a subset
of the documents from the TREC-4 routing vol-
ume were used for testing. Volumes 1,2, and
3 contain 1,078,166 documents from the Associ-
ated Press(1988-90), Department of Energy ab-
stracts, Federal Register(1988-9), San Jose Mer-
cury News(1991), Wall Street Journal(1987-91),
and Ziff-Davis Computer-select articles. The final
test corpus contained 168,835 documents from the
Federal Register(1994), IR Digest, News Groups,
and Virtual Worlds. The average document con-
tained 426 words in the training corpus and 408
words in the test corpus.

Given the judged documents available for volumes
1,2, and 3, on average 406 relevant documents and
1933 non-relevant documents were used to train
each query. Several of the topics contained very
few or no relevant documents in the test corpus,
and we excluded 10 topics containing one or no rel-
evant documents from testing. On average 59 rel-
evant and 573 non-relevant documents were avail-

able to test the remaining 40 topics. Documents not
judged to be relevant were considered non-relevant
when evaluating retrieval results.

5.2 Evaluation Methodology

In the following experiments we evaluate the re-
trieval effectiveness of a query by its ability to gen-
eralize to new documents. In order to avoid thresh-
old optimization, we show non-interpolated average
precision and evaluate a query’s ability to rank, in
order of relevance, the entire test set of documents.

This metric can be explained as follows: assume
there is a ranked list of documents sorted by
eval(q,d,c) — as described by Equation 1 — and
that

a = correctly classified relevant documents,

b = incorrectly classified non-relevant documents,
¢ = incorrectly classified relevant documents, and
d = correctly classified non-relevant documents;

then, Recall = -2%—, and Precision =

_a_
a+c’? a+b’
The final valued is then calculate by averaging pre-
cision at every point that recall increases (the ap-
pearance of a known relevant document) in the
ranked list. We test significant retrieval improve-
ments using a two-tailed sign test with a = 0.05 as
the coefficient.



40 TREC-4 Queries

Average Number of Features | Ratio Recall
Expansion step REL | NON-REL R : NR | at 1000
Words Only 23.1 15.0 1.540 0.6508
after also adding phrases 31.6 20.1 1.572 0.7550
after also adding top 50 #1 36.8 21.6 1.703 0.7916
after also adding top 50 #UW5 43.6 23.2 1.879 0.8140
after also adding top 50 #UW20 | 51.6 25.2 2.048 0.8266
after also adding top 50 #UW50 | 60.7 27.6 2.199 0.8342
after also adding top 50 #BAND | 72.1 314 2.296 0.8646

Table 3: Average number of features cooccurring in the query and judged documents in the test set.

[ Window size | #1 | #UWb | #UW20 | #UW50 |

#1 -

8.1%

#UOW5 -

#UW20 -

#UW50 -

3.5% 2.5%
17.7% 12.4%
- 27.2%

Table 4: Average percent of overlapping identical word-pairs occurring in different window sizes.

5.3 Results

In the context of massive query expansion using
single and multiword query features, retrieval ef-
fectiveness improved using pairs of words that are
further apart in text. Instead of a relevance feed-
back methodology that expands queries with rep-
resentations of multiword concepts with near prox-
imity, we are finding significantly better retrieval
effectiveness using query representations modelling
far proximity.

5.3.1 Query Expansion

The results in table 1 illustrate the effects of ex-
panding queries containing single word features
with the top 50 multiword features for each win-
dow size. This process resulted in queries with an
average of 110 features. The data indicate that ex-
pansion with the top 50 multiword features repre-
sented by larger window sizes obtained higher pre-
cision than expansion using smaller window sizes.
Expanding queries with #1s gives rise to a 12.5%
improvement in precision on average. However, this
improvement over single word features is far less
than the 33.6% improvement realized by using the
best #UW50s or the 57.9% improvement using the
best #BANDs of single and multiword features. 2

We tested our massive query expansion process (de-

2The #UW50s and #PHRASEs have similar perfor-
mance improvements. The #PHRASE operator is imple-
mented using a non-linear combination of near and far prox-
imity operators. The higher the frequency of the operator’s
words within the document, the more likely far proxim-
ity is modelled. Since the majority of documents in the
test corpus are long Federal Register documents, it is most
likely the case that word frequencies were relatively high
and far proximity was used; however, this was not exam-
ined further.

scribed in Section 4.2) which expanded the initial
single word query with the best 50 multiword fea-
tures from all the fixed-size window operators from
Table 1. This process resulted in queries with an
average of 321 features.

The data in Table 2 indicate that precision im-
proves by expanding single word queries with mul-
tiword proximity features. Furthermore, precision
continues to improve as features using window op-
erators of greater span are added to the query.
For example, after the initial query of words is
expanded with phrases, #1s, and #UWb5s (row 4
in the table), a significant increase in precision is
obtained by adding the top 50 #UW20s (row 5).
Each iteration of query expansion provides a sig-
nificant improvement over the previous one except
for the step that expands the query with the top
50 #UW50s. These results suggest that more fea-
tures are better than fewer features. The data sup-
port the findings of Buckley et al. [3], where single
word features were used. In addition, these results
suggest that the positive effects of massive query
expansion extend to multiword features.

In an effort to understand this phenomenon, we ex-
amined the query features and their cooccurrence
in relevant versus non-relevant documents. Table
3 shows the average number of features that cooc-
cur in the expanded query and judged documents.
As the query is expanded the number of features
that cooccur in the documents increase; however,
on average, the growth rate of cooccurrence in the
relevant documents (column 2 in the table) ex-
ceeds the growth rate of cooccurrence in the judged
non-relevant documents (column 3) in the test set.
This implies that the query’s cooccurrence ratio be-
tween relevant and non-relevant documents is also
increasing (column 4).

The last column of Table 3 shows recall in the



40 TREC-4 Queries
Contraction step Precision
Expanded query 25.8
Expanded query, no dups 25.4
#1 replaced with #UWb) 25.4
#UWS5 replaced with #UW20 25.7
#UW20 replaced with #UW50 26.1

Table 5: Breakdown of precision improvements in test set.

40 TREC-4 Queries
Average Number of Features | Ratio
Contraction step REL | NON-REL R:NR
Expanded query, no dups 50.1 24.8 2.020
#1 replaced with #UW5H 50.7 25.1 2.020
#UWS5 replaced with #UW20 | 53.0 26.2 2.023
#UW20 replaced with #UW50 | 55.5 27.3 2.033

Table 6: Average number of features cooccurring in the query and judged documents in the test set.

top 1000 ranked documents increasing consistently.
The data indicate that the features with which we
continue to expand our query are enhancing recall
and improving precision. The precision improve-
ment realized during training generalized to the test
set, and is mostly attributed to the feature selection
criterion described by Equation 3.

We tested approximately 60 combinations of the ex-
pansion order for each size window to ensure that
the above results were not dependent on the or-
der of expansion, and the following consistency ap-
peared in the data:

After any expansion step of adding
50 multiword features, queries contain-
ing proximity operators spanning bigger
windows had better retrieval effective-
ness than similarly sized queries using
operators spanning smaller windows.

For example, we started with queries consisting of
words, #PHRASEs, and #1s. When the query
was expanded with the 50 #UWD5H concepts, av-
erage precision rose. But it rose more when the
50 #UW20s were added instead, and still more
when the #UW50s were used. This pattern re-
peated itself uniformly throughout all combinations
we tried.

In retrospect it becomes evident that the weight
assignment strategy for added features already ex-
hibited a preference for bigger windows. The
weights assigned to word-pairs appearing in differ-
ent sized windows were greater for bigger windows
than smaller ones 85% of the time. The defini-
tion of the unordered-window insures that the fea-
ture frequency of a bigger window is no less than
the frequency for a smaller window using the same
set of words. In addition, our data suggest that
features from bigger window operators are, on av-
erage, better discriminators of relevant documents

than features from smaller ones. It appears that the
frequency statistics for smaller windows are not as
statistically useful to our retrieval model which is
based on feature frequency and inverse document
frequency. The insufficient occurrence of natural
language phrases has been concluded as a possi-
ble cause for no improvement using near-proximity
multiword features [13].

5.3.2 Query Contraction Process

Reducing the number of features used to represent
a query may have a positive impact on the compu-
tation time needed to process a query as well as re-
trieval effectiveness. Pruning irrelevant single word
features after massive query expansion has been re-
ported using machine learning approaches by Lewis
et al. [14] and Papka et al. [15].

The contraction process we used to produce the fi-
nal queries is based on the observation that several
of the features using the unordered-window opera-
tors could be merged into one operator. By manual
inspection, it was evident that the expansion pro-
cess produced the same pairs of words for more than
one unordered-window size. For example, 17.7%
of the word-pairs appeared as both #UWbs and
#UW20s. Table 4 shows the breakdown of the
overlapping identical word-pairs between window
sizes. In the average expanded query 37% of the
word-pairs appeared as duplicates using different
window sizes. This data, in conjunction with the
hypothesis that bigger windows are better, led to
the following query contraction process:

. Use the feature selection and weight assign-
ment strategy described above to build a mas-
sively expanded query.

. Identify overlapping proximity operators that



contain identical sets of words.

3. Replace overlapping operators with one mul-
tiword feature modelling the largest size
unordered-window.

4. The merged multiword feature weight is the
sum of the feature weights identified in step
2.

Table 5 illustrates the breakdown of the effects
of successively replacing smaller window operators
with successively larger window operators. The
first row of the table shows precision for the ex-
panded queries which contain duplicates. When
the duplicates are removed (row 2), the resulting
queries have worse precision on average. When
#UW5 operators are replaced with #UW20 op-
erators using the same words, precision begins to
increase (row 4). Precision continues to improve
when #UW20s are replaced with #UW50s. The
final set of queries contain single word features and
#UW50s (row 5).

The contraction process produced a final query av-
eraging 218 features, instead of the 289 features
from the original expanded query 3. Removing du-
plications and combining features into larger win-
dow sizes results in a set of queries with 25% fewer
features than the set of massively expanded queries.
In addition, the final smaller queries exhibit an im-
provement in precision on the test set.

We found the best results by setting the “largest
size unordered-window” in step 3 to one that spans
over 50 words. Using #UW200 operators and
#BAND:s yielded the same precision improvement
as using #UWH50 operators. This implies that the
improvement tails-off after a certain span.

We analyzed the contraction process with the ap-
proach used for the expansion process. Table 6
shows the average number of features that cooc-
cur in the contracted query and judged documents
after each iteration of the contraction process. The
data suggest that when larger windows are used
during the contraction process, precision increases
as the cooccurrence ratio increases.

The data in Tables 3 and 6 illustrate that an in-
crease in feature cooccurrence ratio is positively
correlated with improved precision during both ex-
pansion and contraction. It is evident from the ta-
bles that the differences in ratios are not as dra-
matic for contraction as for expansion; however, we
believe the cause for equivalent retrieval effective-
ness between the queries resulting from the con-
traction process and the expansion process is be-

3The #BAND operator from the expansion process de-
scribed earlier contains mixes of features and a different
document weighting function than the other proximity op-
erators. For that reason, the baseline set of queries used
to describe the contraction process excluded the #BANDs
from evaluation.

cause bigger windows of words ultimately discrim-
inate relevant documents better than smaller ones.

6 Conclusion

In the context of query expansion, methods for rep-
resenting and selecting good multiword features in a
computationally tractable manner are complex. In
the past, the utility of such features has been met
with mixed results. Several of the previous expan-
sion approaches incorporating phrases and other
multiword features have focused on modelling close
proximity for multiple words. Our experiments in-
dicate that better precision results when queries are
expanded with features that are modelled as a set of
words that appear further separated within natural
language text.

‘We have shown automatic techniques applicable to
document classification tasks where the expansion
of a query with multiword features led to significant
improvements in retrieval effectiveness over queries
using independent single word features. Results
from our massive query expansion process suggest
that when modelling multiword features using prox-
imity constraints, bigger unordered-windows yield
greater precision gains than smaller windows. As
features represented by windows of greater span
are added to queries, precision improves over sim-
ilar queries using smaller windows. The benefit of
the larger window is apparently due to their more
frequent appearance in relevant documents ver-
sus non-relevant documents. Our hypothesis was
tested in a query contraction process that merged
overlapping proximity features to produce queries
that were 25% smaller than the original with simi-
lar retrieval effectiveness.

We examined the effects of query expansion with
multiword features and found a correlation between
increasing cooccurrence ratios and improved pre-
cision. Our analysis has addressed the impact of
feature cooccurrence, but we have yet to address
the effects of feature weight assignment. We antic-
ipate that feature weight learning approaches ap-
plied to single word features [4, 14, 15] will further
improve retrieval effectiveness for queries with mul-
tiword features.

We are continuing to investigate the value of
phrases and multiword features for several docu-
ment classification tasks. Our belief is that query
expansion approaches are limited when only inde-
pendent single word features are used to represent
queries.
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