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Abstract

We show that two simple constraints, when
applied to short user queries (on the order of
5-10 words) can yield precision scores com-
parable to or better than those achieved using
long queries (50-85 words) at low document
cutoff levels. These constraints are meant to
detect documents that have subtopic passages
that includes the most important components
of the query. The constraints are: (i) a sim-
ple Boolean constraint which requires the user
to specify the query as a list of topics; this
list 1s converted into a conjunct of disjuncts
by the system, and (ii) a subtopic-sized proz-
ity constraint imposed over the Boolean con-
straint. The vector space model is used to rank
the documents that satisfy both constraints. Fi-
periments run over 4§ TREC queries show sig-
nificant, almost consistent improvements over
rankings that use no constraints. These results
have important ramifications for interactive sys-
tems wntended for casual users, such as those

searching on the World Wide Web.

1 Introduction

Recent efforts in evaluation of full-text retrieval
systems, especially as seen in the TREC compe-
tition [9], work with very long, detailed query
specifications. It has been observed in TREC
that longer query descriptions result in higher
overall results than short ones [17, 30], and an
overall drop in the scores of the top-ranked sys-

tems was observed when given shorter, more
“realistic” queries in TREC-4 [10].

However, casual users in most cases do not
formulate long queries; online queries usually
consist of 10 words or fewer [6, 21]. This prob-
lem can be remedied to some extent with rele-
vance feedback [27] and automatic term expan-
sion [17], both of which have been researched
extensively. Nevertheless, a system responding
to ad hoc queries should make the best use pos-
sible of limited user queries, and methods are
needed for improving retrieval results given only
very short queries. This is especially relevant
for search systems that run on the World Wide
Web.

Additionally, we conjecture that an impor-
tant goal in interactive information access sys-
tems is to try to ensure high precision in the
top-ranked documents so that users do not have
to look far down the list of retrieved documents
in order to find ones that are relevant. In other
words, it is desirable for some information seek-
ing tasks to provide very high precision among
the first k& documents, where & is small (on the
order of 5 - 30 documents), even at the expense
of high recall. This goal 1s in contrast with tasks
such as TREC, in which precision and recall
are considered equally important, and systems
are evaluated at cutoff depths up to 1000 doc-
uments [9)].

To summarize, two important issues for in-
teractive information access systems for casual
users are



(i) casual users tend to issue short queries
in simple format, but current evaluation
has focused on producing systems that
can depend on long queries to achieve
strong results, and

(ii) casual users prefer to have a few rel-
evant documents ranked uppermost, but
current evaluation is influenced by recall
at very large document cutoff levels.

In our earlier discussions of main topic
and subtopic structure in full-text documents
[12, 14], we have stressed the importance of rec-
ognizing the relationship between the terms of
the query and the topic structure of the docu-
ments in the collection. Especially in a full-text
document, there may be a subtopic discussion
that is relevant to a query even if the main topic
of the document does not directly address its
concerns. Thus, we are interested in developing
ranking strategies that capture the relationship
between the query and the subtopic structure of
the retrieved documents. Here we suggest doint
this by computing how the overlap and distribu-
tion of query terms in the retrieved documents.

The way we capture the effect of term over-
lap 1s to structure the user query into a set of
components, each component representing one
topic of the query, and then retrieve documents
that have at least one subtopic that contains
a discussion of each of the query components.
We implement this strategy by making use of
two very simple constraints, or filters, and using
them in conjunction with a vector space rank-
ing.

Thus, in this paper we present a method
that takes subtopic structure into account to
address both issues listed above. This method
results in greatly improved precision at small
document cutoff levels given only short, sim-
ple queries. This is done by applying two con-
straints; the first constraint requires some sim-
ple specification on the part of the user, and
the second is completely automated. The con-
straints filter out a subset of the collection, leav-
ing the remaining documents to be ranked using
a standard bag-of-words method, such as the
vector space model. The filtering procedure is
intended to cause relevant documents to appear
higher up in the ranking than they would if no
filtering were applied. Experiments in this pa-
per show significant improvement in precision

at fixed document cutoff levels for most of the
queries in the test set when compared against a
standard vector space ranking.

Several studies have shown that adding
structure to queries; e.g., with the extended
Boolean model [26, 28] and with a network-
based model [29], can yield stronger results than
either Boolean search or the vector space model.
These and related methods focus on ways to re-
lax the stringent requirements of Boolean search
[20] in order to achieve a ranking. The work
presented here differs in at least two impor-
tant ways. First, we are interested in taking
into account issues related to term overlap and
distribution in full-text documents. The ex-
tended Boolean models in general do not ad-
dress these concerns. Second, our experiments
are run against a very large collection (> 3 giga-
byte) consisting of full-text documents, as op-
posed to the very small test collections consist-
ing mainly of titles and abstracts used in most
earlier evaluations of this kind. Another poten-
tial difference is the emphasis in this work on
simplicity of specification of the required struc-
ture, and use of standard, well-known, search
and ranking methods.

The next section describes the two kinds
of constraint. The first is a simple Boolean
construct which requires the user to specify
the query as a list of topics. This list is con-
verted into a conjunct of disjuncts by the sys-
tem. The second constraint is a simple proxim-
ity constraint imposed over the components of
the query. The successful application of these
constraints also has important ramifications for
the TileBars graphical user interface [13] which
is also described. Section 3 presents the rank-
ing algorithm in summary form. Section 4
describes experiments using this algorithm on
queries from the TREC collection, showing that
these constraints almost consistently improve
precision at low document cutoff levels when
given a short user query. Finally, Section 5
discusses these results and their relationship to
other work.

2 The Constraints

2.1 A Simple Boolean Filter

The first constraint, or filter, is needed in order
to ensure that all the necessary components of



the query are represented in the retrieved docu-
ments. To bring this about, we propose the use
of a Boolean query that consists of a conjunct of
disjuncts (otherwise known as conjunctive nor-
mal form), in which each disjunct component
represents one topic in the query. This can be
accomplished in the user interface in a very sim-
ple way: each topic (disjunct) is listed on one
line, and a set of lines together act as a conjunc-
tion of these disjuncts. Our preliminary user
studies [11] suggest that users are able to adapt
to this format easily, although we have not yet
formally shown this to be the case.

Once this idea is adopted, we can deter-
mine its utility empirically. In the experi-
ments reported here this constraint improved
or kept constant the performance for 27 out of
29 queries (in Experiment 1) and 22 out of 25
queries (in Experiment 2). The results must de-
pend in part on how the query was formulated,
but 1t should be noted that in Experiment 1,
the query construction was done by the author
in an estimated average of 90 seconds per query.

2.2 An Example

Below we show an example of a conversion of a
short TREC topic description to a short query
in conjunctive normal form. The original topic
description (number 237) is:

Identify alternative sources of energy for
automobiles. Include additives to gasoline
that either decrease pollution or reduce oil
consumption.

This topic description can be broken down into
its subcomponents: pollution reduction and al-
ternative energy and automobiles. As a practi-
cal consideration, since there are many ways to
express the concept of alternative energy auto-
mobiles, this in turn can be broken down still
further so that synonyms can be listed, e.g.,
alternative energy, electric, battery, solar and
automobile, car, vehicle, in order to give the
system a better chance of finding a match (ad-
dition of automatically or partially-automated
term expansion may be helpful at this point).
This process might result in a query of the form:

(AND
{OR solar alternative energy}
{oR pollution clean}
{OR car automobile vehicle})

This formulation is meant to capture the cru-
cial aspects of the topic description, namely, al-
ternative energy options, pollution, and cars.
Breaking down the query explicitly indicates
which components of the query are required in
a relevant document. It also invites the user to
expand each topic with additional terms, but
without requiring the explicit formulation of a
Boolean query.

There are, of course, other ways to express
a topic besides listing synonyms. If the contents
of the collection have been assigned subject or
category labels, these can in some cases substi-
tute for a list of synonyms, or can be listed in
addition to the terms of interest. Research on
bibliographic databases has suggested that nei-
ther subject labels or free text alone perform as
well as the combination of the two when search-
ing that kind of collection [22, 15, 19]. Further-
more, there are cases in which the user wants to
require the presence of a very specific concept
that may well not be represented by those pre-
assigned categories. Whether each query topic
is expressed by pre-defined categories or by syn-
onym groups the point to be emphasized here
is that the query should be specified as a con-
junction of all of its important topics.

2.3 A Simple Proximity Filter

The second constraint is on collocation of oc-
currence of the components of the Boolean
query. As described in the Introduction, This
idea is motivated by our earlier discussions of
main topic and subtopic structure in documents
[12, 14]. We have stressed the importance of
recognizing the relationship between the terms
of the query and the topic structure of the doc-
uments in the collection. We have introduced
an algorithm called TextTiling [12] that auto-
matically segments long documents into multi-
paragraph subtopical units. The use of this al-
gorithm is not required for the ideas discussed in
this paper, however; paragraphs or fixed-length
blocks of text can be substituted for TextTiles.

The proximity constraint suggested here is
one that requires a highly-ranked document to
contain at least one subtopical segment with a
representative of each of the topics in the query.
Subtopical segments tend to be large, on the
order of 100 to 300 words, so this is a much
larger proximity window than has been explored
in most experiments on proximity constraints
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Figure 1: The entries into which users
enter termsets, which are then treated as
a conjunct of disjuncts.
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Figure 2: The TileBar Display on a query
consisting of the three termsets shown in
Figure 1.

(e.g., [18, 8]) that focus on proximity ranges on
the order of 10 words.

Thus, the first constraint requires that doc-
uments contain at least one representative of
each topic in the query. The second constraint
requires that these representatives all co-occur
within at least one subtopic segment of each
document; in other words, that their discus-
sion must overlap, rather than be distributed
throughout the document.

It is important to realize that this strategy
is different than the “best segment” or “best
passage” strategies that have been explored re-
cently in the literature ([14, 31, 25, 24, 4]),
in that documents are not assigned a rank
based on how well the best segment matches
the query; rather, the algorithm simply elimi-
nates from initial consideration documents that
do not have any promising subtopic units at all.

() 1.92 WS- Bush Plans to Offer Pallution Cr
) 174 WS- A Hidden Culprit in Auto Impar!
(31 &9 WS T Ermvironmient: Fleets Steer Towear
() 1.63 8IMN: WASHINGTON'S ENERGY F
) 1.88 AP: Administration Drawing Up Bluep
() 2.45 STMN: SOLAR CAR: BRIGHT IDEA,
31,99 WST- Technology: Heavy Engine Using
(732,02 AP: Regional Interests Tangle Clean A

() 1.74 AP: Clean Air Accord Reached AP

2.4 Use in Interactive Informa-
tion Access

This kind of query specification is used in the
TileBars graphical display [13] to aid users in
the interpretation of retrieval results. TileBars
simultaneously and compactly indicate:

(i) the relative length of the document,

(ii) the frequency of the query terms in
the document, and

(iii) the distribution of the terms with re-
spect to the document and to each other.

In the interface, each disjunct is known as
a termset, and users specify their queries as
a list of termsets. Figure 1 shows how a list
of termsets appears, using the example dis-
Figure 2
shows some results of running this query on
the TREC/TIPSTER collection. The graphical

representation works as follows. FEach rectangle

cussed in the previous subsection.

represents a document. Each row of the rectan-
gle represents the corresponding termset in the
query display, i.e, the top row corresponds to
solar, alternative or energy, the second row to
pollution or clean, and the third row to car, au-
tomobileor vehicle. The rectangles are also sub-
divided into columns, where each column repre-
sents a text segment, as described above. Thus,
the leftmost column indicates the first segment,
or paragraph, of the document, the column to
the right of this indicates the second segment of
the document, and so on.

Each square represents the number of hits
for the corresponding termset in the corre-
sponding document segment. The darkness of
the square indicates the number of times the
query occurs in that segment of text; the darker
the square the greater the number of hits (white
indicates 0, black indicates 8 or more hits, the
frequencies of all the terms within a term set are
added together). Thus the user can quickly see
if some subset of the terms overlap in the same
segment of the document, and can see at what
position of the document this overlap occurs.

For example, in Figure 2, which shows Tile-
Bars for nine documents that have been re-
trieved in response to the query of Figure 1, the
first document discusses all three topics at some
length. The second document focuses more on
other topics related to autos, although there is



a discussion of pollution issues towards the end.
The fifth document has one subtopic discussion
of alternative energy and pollution and auto-
mobiles, apparently in the context of a larger
discussion of solar or other forms of energy. By
contrast, the last two documents seem to dis-
cuss auto pollution issues with only a passing
reference to the related notion of alternative en-
ergy.

Other systems have posited the use of a line-
oriented query specification that corresponds
to conjunctive normal form. For example, the
Grateful Med system for medical abstracts [16]
has the user enter the query as a sequence of
lines of words. The EUROMATH system [23]
requires the user to specify queries as a con-
junct of digjuncts in a database-like form, with
the AND and OR keywords marked explicitly.
The AT/STARS system [1] has a clever graph-
ical interface which converts a two-dimensional
query specification into a Boolean formula that
can take on a much more complicated in form
than that used here. To our knowledge, how-
ever, no researchers have performed experi-
ments that explictly compare users’ perfor-
mance on full-text systems with such a for-
mulation to a vector-space or related ranking
method’s performance.!

3 The Algorithm

Our goal is to optimize the ranking for the first &
documents, where k is small enough that users
need not look far to find relevant documents.
However, in some circumstances, for example,
to aid in the evaluation of this algorithm, it is
necessary to retrieve a fixed number n of doc-
uments, even if there are fewer than n docu-
ments that pass through the filters. One way to
satisfy this requirement is to use multiple rank-
ing strategies. In this case, it is suggested that
the high-precision ranking strategy is used for
the first £ documents, and then the remaining
n — k documents are ranked using the standard
vector space method. Thus, if the filters block
out too many documents, those documents that
did not meet the constraints are still allowed to

"Hersh et al. [16] compare performance of sub-
jects using Grateful Med to those using a system
that accepts natural language input, finding no dif-
ference between the two, but the each system was
tested using different query formulations.

take part in the ranking, albeit lower down in
the list.

In summary, we suggest the following re-
trieval strategy:

1. The documents are divided into subtopic-
sized units in advance.

2. The user specifies the query as a list of
topics, one per line.

3. The system converts this into a Boolean
query; a conjunct of disjuncts.

4. The system imposes a proximity con-
straint of one subtopical segment over this
Boolean formula.

5. The system filters out documents that do
not have at least one subtopical unit with
representatives from all components of the
conjunct.

6. The system ranks the remaining doc-
uments according to a standard vector
space model.

7. If the resulting ranked list is too short, the
system appends the highest-ranked docu-
ments that have not yet appeared in the
results until the required number of doc-
uments has been reached.

4 Experiments

This section reports on two experiments that
evaluate the performance of the algorithm de-
scribed in Section 3. The first experiment uses
queries created by the author and the second
uses queries derived from those formulated by
subjects in a separate study [11]. The next sub-
sections describe the information access system
used, the collection and topics, results using
the author-generated queries and results for the
subject-generated queries.

4.1 The System

For these experiments we used the PARC TDB
(Text DataBase) system [7], implemented in
Common LISP and CLOS. TDB provides a
standard vector space weighting and ranking
scheme (similarity search), similar to that re-
ported in [3], and standard Boolean search. Tt



also has an extension to the vector space rank-
ing which we call stuctured similarity search.
This provides support for TileBars and the ex-
periments described here. Structured similar-
ity search ranks documents in the same way as
does standard similarity search, but 1t addition-
ally returns a list of term offsets that correspond
to each component of the structured query dis-
cussed above.

4.2 The Collection

We experimented over the very large (> 3 MB)
standard reference collection, the TIPSTER
collection [9] (consisting largely of newswire,
magazine articles, and government documents).
Associated with this collection is a set of topic
descriptions (referred to here as queries), and
relevance assessments based on judgments made
by information access experts. These were orig-
inally created for the Text REtrieval Conference
(TREC) sponsored by NIST [9]. Queries taken
from TREC-2 and 3 are evaluated against disks
1 and 2 of the collection, and queries taken from
TREC-4 are evaluated against disks 2 and 3,
as these disks correspond to the available rele-
vance judgments. Each disk contains approxi-
mately 1 gigabyte of text data; thus the results
of these experiments can be considered to scale.
However, collections consisting of more specific
subject areas, e.g., medical or legal text collec-
tions, might yield different results, such as a
preference for different kinds of constraints.

4.3 Experiment 1

4.3.1 The Author-Generated Queries

The first experiment was run using 30 TREC
queries.  Since the data from each year of
TREC has somewhat differing characteristics,
ten queries were chosen from each of TREC-2,
3 and 4 in order to control for any differences in
query length, number of possible relevant docu-
ments, etc. Queries were not selected based on
any particular features; rather we simply used
the first 10 queries from each year (choosing 10
queries from each TREC year at random would
also have been appropriate).?

2 Actually, only 29 queries appear in the results
and Appendices; after the experiments were run,
the TREC organizers realized they had to throw

The TREC queries were converted into a
form compatible with that described above.
Some queries were assigned words that do not
appear in the original TREC topic description.
Appendix A shows the queries as formulated
for the runs reported here. The vector space
rankings, which act as baselines for these ex-
periments, make use of exactly the same words,
without the Boolean constraint.

The queries used in these experiments aver-
aged 9.87 words in length. By comparison, the
full queries® for TREC-2 and TREC-3 averaged
82.7 words per query. The unaltered TREC-4
queries, however, only contain 15.2 words per
query (many of these words are not “content”
words, e.g., question words such as how and
why, and closed-class words). In TREC-4, the
queries were designed to be shorter in order to
be more “realistic.”

As mentioned above, the query construction
was done by the author in, on average, an es-
timated 90 seconds per query. Development of
the constraints was done on a different set of
queries with only three queries overlapping with
the test set shown here.

Several of the queries call for particular two-
word phrases, e.g., surrogate mothers and so-
cial security, and so the constraints are used
here partially to force some kind of cooccur-
rence, where a simple phrasal proximity con-
straint could have been used instead. How-
ever, this specification 1s still more flexible than
a strict phrase requirement, since the second
termset for Query 70 is mother motherhood in-
stead of mother alone, thus allowing for hits on
variations of the phrasing of mother, and thus
loosening what may otherwise be too tight a
Boolean constraint.

For these experiments, subtopic segments
were simple fixed-length contiguous blocks of
100 tokens each, since TextTiles are not inte-
grated into the current version of the TDB sys-
tem.

The precision of the results of each is evalu-
ated at several document cutoff levels. In some
cases, not enough documents are found that
pass through both constraints to allow for evalu-
ation at the cutoff level. To remedy this, when-

out query number 201.

?Using only the Description and Narrative parts,
omitting the Summary and Concept parts which ap-
pear in TREC-2 queries but not in TREC-3 queries.



Cut- | No Constr  Bool % p Bool- % p
off | (Baseline) Impr Prox Impr
TREC-2 5 .56 .58 4 .6 .70 25 .009
10 b2 .59 13  .009 .61 17 2
20 49 b2 6 .05 .bb 12 1
30 44 .50 14 .003 b1 16 .08
100 .34 .39 15 .03 37 8 .2
TREC-3 5 .28 .36 29 2 .68 143 .008
10 37 A2 14 .05 .60 62 .005
20 .40 .45 13 .07 .bb 38 .03
30 .36 44 22 .04 .50 39 .04
100 .30 37 23 .04 .35 16 .09
TREC-4 5 .38 .33 -13 .6 .29 -23 3
10 .30 31 3 7 .34 13 .3
20 .24 .33 38 .03 32 33 .04
30 .23 .35 52  .0006 .26 13 .3
100 19 21 11 4 .16 -16 .3

Table 1: Results for Experiment 1 showing average precisions and percent improve-
ments over the baseline for Tables 3 and 4. No Constrindicates no constraints applied to
the vector space ranking, and acts as the baseline. Bool indicates vector space ranking
after applying the simple Boolean filter (a conjunct of disjunts), and Bool- Proz indicates
vector space ranking after applying the Boolean proximity constraint. Percentage im-
provements over the baseline that are significant (paired t-test) are shown in bold.

ever there are not enough documents for a given
cutoff level, the top-ranked documents (accord-
ing to the vector space model) that have not
vet appeared are appended to the ranking, as
in Step 7 of the algorithm in Section 3. These
cases are notated in the per-query results (Ta-

bles 3 and 4).

4.3.2 Results

Table 1 summarizes the results for each set of
queries in the form of averages and percent im-
provement. Tables 3 and 4 show the results in
detail at various document cutoff levels for the
three sets of queries. Each of these tables shows
the precision for three different ranking strate-
gies. The first score 1s the result of using all
of the terms as shown in Appendix A but us-
ing no constraints; the retrieved documents are
simply ranked according to the standard vec-
tor space formula. The second score is the re-
sult of first applying the Boolean constraint and
ranking the documents that pass through this
filter with the same vector space ranking. The

third score is similar to the second, except the
Boolean-proximity constraint is applied instead
of the Boolean constraint alone.

Looking first at the averages and percent
improvement for TREC-2 and 3, we see that
there is a consistent improvement at all cutoff
levels, and in many cases this percentage im-
provement is significant (p < .05). The TREC-3
queries see very large improvements, over 100%
at one cutoff level; such strong percentage im-
provements are difficult to achieve for TREC-
related experiments.

The table below compares the TREC-3
scores to those of the corresponding full queries,
which have an average length of 85 words:

Cut- | Full No Bool Bool- %
off Query  Constr Prox Impr
5 48 .28 .36 .68 42
10 A7 37 42 .60 28
20 A7 40 .45 .bb 17
30 44 .36 44 .50 14
100 .32 .30 37 .3b 9




We see a consistent improvement using the two
constraints even though the full queries have on
average more than eight times the number of
words.*

Turning now to the TREC-4 runs, we see
less encouraging results. The scores in general
are lower for TREC-4 than for TREC-2 and
3, and the constraints degrade the results at
some cutoff levels (although they significantly
improve the results at cutoff 20). The problem
seems to be that the Boolean constraint was
too strong; seven out of nine of the the TREC-
4 queries were formulated with three termsets,
but most of the TREC-2 and TREC-3 queries
had only two termsets. In the few cases where
three termsets were used, especially notable im-
provements in precision seem to result: for ex-
ample, queries 66, 152, and 159 all see remark-
able improvements over the baseline when the
constraints are employed. However, this does
not seem to be the case for the TREC-4 queries.

As will be seen in Experiment 2, the con-
straints can be shown to significantly improve
the scores for TREC-4, using even shorter query
descriptions than in Experiment 1, when mak-
ing use of only two termsets. Futhermore, the
averages for Experiment 1, shown in Table 1,
are evaluated over only nine queries; in Experi-
ment 2 we make use of 25 queries.

4.4 Experiment 2

4.4.1 The Subject-Generated Queries

One potential objection to Experiment 1 1s that
the queries were formulated by the author, and
that naive users’ queries might be shorter or in
some other manner less amenable the filtering
and ranking techniques employed. To address
this issue, we performed another experiment
which used “real” queries, derived from those
supplied by subjects in another study [11]. In
this study, subjects were asked to use a graph-
ical user interface that included, among other
display modalities, a version of the TileBar dis-
play. Subjects were requested to enter their
queries, those used for the TREC-4 interactive
track, in the line-by-line format as described
above. The subjects consisted of four University
of California Berkeley graduate students, each

*The percent improvements are significant (p <
.02) when all are compared, but at each cutoff level
they are not.

of whom executed 13 queries. These consisted
of 12 of the 25 required for the interactive track
of TREC-4, as well as one extra query given to
all four participants.

However, there was a critical difference in
the way the termsets were used in that study.
The query was not cast into conjunctive nor-
mal form. Rather; the entries in the termsets
were treated as one bag-of-words and used as in-
put to the same vector space search and ranking
method as used above. The termsets were used
in two ways: (i) to show the hits in the TileBar
format and (ii) to rerank the results of the vec-
tor space search when showing the documents
to the subject in TileBar mode. They were not
used as a filter and no Boolean constraints were
imposed.

In most cases the subjects created four
termsets (the average was 3.84 over 97 query
formulations), most likely because there were
four entries available and the more termsets
used, the more detailed the TileBar display.
The queries were quite short, consisting of 5.38
words on average. For comparison, the unal-
tered TREC-4 queries averaged 16.84 words per
query (or 11.52 words per query when words
on the TDB stoplist are removed, since these
queries consist of full sentences in most cases).
For comparison, the queries generated by the
author for the nine TREC-4 queries averaged
8.25 words and 2.75 termsets per query.

So at an average of 5.38 words and 3.84
termsets per query, direct application of the
conjunct of disjuncts becomes almost a straight
conjunction, which is often too restrictive. For
this reason, and because the queries were not
originally devised to satisfy the constraints ex-
plored here, they were modified very slightly.
One subject-specified version of each query was
chosen arbitrarily and modified so it consisted
of exactly two termsets. Every query had at
least two termsets already, and those having
more were modified by the author by combining
pairs of adjacent termsets. No reordering was
done, even though at times it appeared that re-
ordering would help the results by combining
related terms together. This was not done in
order to minimize the amount of interference to
the original query.

For example,

(AND
{OR firearm gun weapon}



Doc | No Constr  Full | Bool % »p % p Bool- % p % p
Cutoff (Bl) (BQ) B1 B2 Prox Bl B2
5 .22 .30 .30 36 .07 0 1.0 A3 96 .0006 43 .01
10 22 .30 32 46 .008 6 7 41 86 .0005 37 .009
20 .25 .26 31 24 008 19 .05 .35 40 .01 35 .02
30 23 .24 .29 26 .008 21 .05 31 35 .01 29 .05
100 17 17 22 29 01 29 .05 .20 18 .2 18 .3

Table 2: Results for Experiment 2. Precision and percent improvements over the
baselines for 25 queries generated by subjects (average length 5.38 words) at five cutoff
levels. Baselinel shows the precision for vector space ranking with no constraints using
the user-specified query. Baseline2 shows the precision for vector space ranking using the
original full TREC topic description (average length 16.84 words) and no constraints. %
B1 and % B2 show the percentage improvements over the indicated baselines, for which
the constraints combined with ranking yield significantly better results. Percentage

improvements over the baseline that are significant (paired t-test) are shown in bold.

{OR crime criminal}
{OoR ammunition sale }
{OR correlation connetion })

was transformed to

(AND
{OR firearm gun weapon}
{OR crime criminal ammunition
sale correlation connetion })

(retaining original spelling errors) even though
1t would make more sense to group ammunition
with firearm gun weapon.

The queries in their original and modified
forms appear in Appendix B.

4.4.2 Results

Table 2 shows the overall results of this exper-
iment. There are two baselines. The first is
based on the results of the vector space rank-
ing using the slightly modified user queries.
The percent improvement for application of (i)
Boolean constraint only and (ii) the Boolean
and the proximity constraint are shown. Again,
the improvements over the baseline are substan-
tial and significant, ranging from 18 to 96%.
As the document cutoff level increases from the
top b documents to the top 100, there is a de-
crease 1n percentage improvement over the vec-
tor space ranking. At the 100-document cutoff
level, the single constraint performs better than
both constraints together.

The second baseline is based on the scores
obtained when using the vector space ranking
on the query as originally specified in TREC-4.
These are on average almost twice as long as the
user-specified queries (11.52 vs. 5.38 content
words). Without constraints the short queries
fare far worse at lower cutoff levels and about
the same as the full queries at higher cutoffs.
The shorter but more constrained queries per-
form the same as or better than the full queries
at all cutoff levels, with percent improvement
ranging from 18 to 43%.

As can be seen from these results, the short
queries derived by subjects in an interactive set-
ting can be made to yield much stronger results
using the algorithm suggested here than using
the query as originally formulated. At this point
we can discuss the poor showing in Experiment
1 on the TREC-4 queries. As mentioned above,
the culprit seems to be queries whose Boolean
specification 1s too specific. Below is shown the
results of the first nine TREC-4 queries using
the subject-specified formulations as in Table

2.



Cut- No Bool % Bool- %
off | Constr Impr Prox Impr

5 0.29 0.29 0 0.44 52

10 0.26 0.28 8 0.42 62

20 0.28 0.33 18 0.37 32

30 0.27 0.31 15 0.32 19

100 0.20 0.22 10 0.18 -10

As can be seen in this table, up to the 100-level
cutoff, use of the two constraints yields strong
improvements in precision. The comparison be-
tween these results and those of the TREC-4
queries in Experiment 1 (see Table 4) indicates a
possible need for a modification of the algorithm
to incorporate some kind of backing-off strategy
that favors satisfaction of more termsets over
fewer, but gracefully recovers when representa-
tives from all topics are not present. This is re-
lated to the notion of quorum-level search [26].

5 Discussion

5.1 Relation to Other Work

Jing and Croft [17] experimented with how to
improve queries by making use of term expan-
sion with phrasal collocations. Two of their re-
sults are of interest to this work. First, they
found that they did not get strong improvement
using term expansion on the full (long) TREC
topic descriptions. To see the benefits of the
term expansion, they found it necessary to re-
strict the TREC topic descriptions to use only
the short Description part. Second, they found
strong improvements when they simply dupli-
cated some of the phrases in the query, quite
independent of adding new terms. Further-
more, the most effective phrases were single-
word phrases. In other words, they improved
results by assigning greater weight to important
terms and thus force their system to produce a
better ranking.

It may be the case that such duplication
yields a similar effect to the Boolean constraint
imposed here; identification of important terms
are made and then highly ranked documents
must contain those terms.

Some independent work related to our study
has been reported by Clarke et al. [5] on the
manual ad hoc track in TREC-4. For this track,
the researchers running the experiment are al-
lowed to spend time formulating the query man-
ually; in this case the researchers spent 15 to 45

10

minutes per query. The queries were specified
as an ordered list of topics, called subqueries,
and most subqueries were specified as disjuncts.
Each subquery was ranked separately, and then
the ranks were combined according to the or-
dering of the subquery list, with the results
of a particular subquery ranked before the re-
sults of subsequent subqueries. This yields what
might be thought of as a psuedo-Boolean fil-
ter. The proximity constraint is somewhat dif-
ferent — instead of being fixed, the subqueries
were ranked according to the inverse of the dis-
tance between the elements that compose the
subqueries. Thus elements that appear closer
together yield a higher ranking. The results ob-
tained using this strategy for the manual ad hoc
using this approach were quite strong; however,
the average query length was long at 67 words
per query. The use of the inverse distance of
the terms satisfying subparts of the query is a
clever idea and might prove to be a good alter-
native to the fixed length proximity constraint
used in the algorithm described here.

As discussed above, other researchers have
looked at alternative ways to rank the results of
Boolean queries [29, 28]. However, here we have
suggested something different, namely, that a
Boolean query be used as an initial filter, but
then vector space or other ranking mechanism
used as usual.

5.2 Summary and Future Work

Interactive information access systems intended
for use by casual users should produce effective
results given only very short, simple queries,
and (in most cases) should focus on ensur-
ing high precision among the first few docu-
ments shown, rather than emphasizing full re-
call. This paper has introduced a method to
enhance short user-specified queries, and results
obtained over 45 TREC queries show signifi-
cant, consistent improvements over ranking the
same queries 1n a standard way. The main idea
behind the method is to find documents that
contain at least subtopical discussions of all of
the important components of the user query,
and the method makes use of standard search
algorithms. Because the results are strong for
very short queries, they have important ramifi-
cations for interactive systems intended for ca-
sual users which should not require long, com-
plex queries for effective results.



In future work we plan to investigate the im-
pact of other kinds of filters having to do with
term distribution and overlap. It may be the
case that these attributes may be best used as
part of the ranking, rather than as binary fil-
ters, and we plan to use a logistic regression
to ascertain how best to weight the various at-
tributes. As described in Section 4, we may
need to loosen the Boolean constraint by using
an ordered partial match strategy wherein doc-
uments with all k¥ termsets are ranked higher
than those with k —1, and so on, in the spirit of
a quorum-level strategy. We also plan to try to
find a way to make use of the inverse distance
measure of Clarke et al. [5] instead of the fixed
proximity constraint. The effects of relevance
feedback [27] on these results also remains to
be evaluated.

It has been often observed that different
queries respond better to different retrieval
methods [2]. We have preliminary evidence that
shows that different queries work better with
different constraint types. This effect could be
seen to some extent in the results presented
in this paper, in that some queries are more
strongly improved by the constraints than oth-
ers, and a few were adversely affected. The diffi-
cult question remains, however, of how to auto-
matically determine which kinds of constraints
are most applicable for which queries. One solu-
tion to this problem is to provide the user with
intuitive, descriptive interfaces that indicate the
relationship between the query and the retrieval
results. Thus, this kind of filtering mechanism
should be used in conjunction with informa-
tion access visualization tools, such as TileBars.
These tools can help provide a framework for
our contention that multiple ranking and dis-
play options should be available to the user in
an interactive system.
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Doc || Topic No Bool Bool || Topic No Bool Bool-
Cutoff || Num | Constr Prox Num | Constr Prox
5 61 0.80 0.80 1.00 66 0.40 0.20  0.60
10 61 0.90 0.90 1.00 66 0.20 0.30  0.60
20 61 0.90 0.90 0.95 66 0.25 0.35 0.40
30 61 0.80 0.87 0.87 66 0.20 0.33 0.37
100 61 0.58 0.72 0.74 66 0.15 0.18 0.18
5 62 0.40 0.40 0.80 67 0.80 0.80  0.80
10 62 0.20 0.30 0.60 67 0.70 0.70  0.70
20 62 0.35 0.40 0.55 67 0.55 0.55  0.60
30 62 0.33 0.37 0.60 67 0.53 0.53 0.53
100 62 0.36 0.41 0.47 67 0.49 0.51  0.57
5 63 0.60 0.60 0.60 68 0.60 0.80  0.80
10 63 0.70 0.80 0.40 68 0.60 0.80  0.70
20 63 0.50 0.50 0.3 68 0.60 0.70  0.60
30 63 0.37 0.47 0.27 68 0.50 0.60  0.57
100 63 0.17 0.19 0.13 68 0.45 0.48 0.33
5 64 0.40 0.40 0.40 69 0.40 0.40  0.40
10 64 0.30 0.30 0.30 69 0.20 0.20  0.30
20 64 0.35 0.35 0.40 69 0.10 0.10  0.20
30 64 0.40 0.40 0.37 69 0.13 0.13 0.13
100 64 0.44 0.44 0.49 69 0.08 0.08 0.11
5 65 0.40 0.40 0.60 70 0.80 1.00 1.00
10 65 0.50 0.60 0.70 70 0.90 1.00  0.80
20 65 0.50 0.50 0.65 70 0.80 0.85 0.75
30 65 0.47 0.53 0.60 70 0.70 0.80 0.77*
100 65 0.33 0.35 0.3 70 0.34 0.50 0.35*

Table 3: Precision on ten TREC 2 Queries for Experiment 1 (author-specified queries).
No Constr indicates the baseline, i.e., the results of vector space ranking, applying no
constraints. Bool indicates vector space ranking after applying the simple Boolean filter
(a conjunct of disjunts), and Bool-Proz indicates vector space ranking after applying the
Boolean proximity constraint (at least one representative from each disjunct must co-
occur within at least one subtopic segment). Asterisks indicate those queries and cutoff
levels at which not enough documents passed through the filters and so the remainder
of the ranking was filled out by documents ranked highly by the vector space model
and not yet accounted for.
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Doc || Topic No Bool  Bool || Topic No Bool  Bool- || Topic No Bool  Bool-
Cutoff Num | Constr Prox Num | Constr Prox Num | Constr Prox
5 151 0.80 0.80 0.80 158 0.40 0.40 1.00 206 0.00 0.00 0.20
10 151 0.80 0.80 0.80 158 0.40 0.50 0.90 206 0.00 0.00 0.20
20 151 0.75 0.80 0.70 158 0.40 0.45 0.80 206 0.00 0.00 0.15
30 151 0.70 0.73 0.67 158 0.30 0.37 0.63 206 0.00 0.07 0.10
100 151 0.37 0.45 0.27 158 0.19 0.24 0.29 206 0.00 0.03 0.04
5 152 0.00 0.00 0.40 159 0.20 0.60 1.00 207 0.80 0.80 0.80
10 152 0.10 0.20 0.40 159 0.50 0.70 0.90 207 0.70 0.70 0.80
20 152 0.25 0.35 0.60 159 0.55 0.70 0.50 207 0.60 0.80 0.75
30 152 0.23 0.43 0.63 159 0.50 0.67 0.33 207 0.60 0.77 0.60
100 152 0.33 0.49 0.55 159 0.31 0.39 0.28% 207 0.41 0.51 0.41%*
5 153 0.00 0.00 0.00 160 0.00 0.00 1.00 208 0.00 0.00 0.00
10 153 0.00 0.00 0.00 160 0.20 0.20 0.60 208 0.00 0.10 0.10
20 153 0.00 0.00 0.00 160 0.30 0.25 0.45%* 208 0.05 0.05 0.05
30 153 0.00 0.03 0.00 160 0.20 0.20 0.33* 208 0.03 0.03 0.03
100 153 0.02 0.01 0.00 160 0.11 0.11 0.14* 208 0.07 0.04 0.03
5 154 0.80 0.80 1.00 202 0.60 0.00 0.00 209 0.40 0.40 0.40
10 154 0.90 0.90 1.00 202 0.30 0.20 0.10 209 0.20 0.20 0.30
20 154 0.90 0.90 0.95 202 0.25 0.20 0.15 209 0.20 0.30 0.40
30 154 0.83 0.83 0.97 202 0.20 0.33 0.10 209 0.23 0.37 0.33
100 154 0.76 0.77 0.84 202 0.26 0.17 0.16* 209 0.20 0.24 0.20
5 155 0.00 0.00 0.00 203 0.20 0.40 0.00 210 1.00 1.00 0.80
10 155 0.00 0.00 0.00 203 0.10 0.30 0.10 210 0.90 0.90 0.90
20 155 0.00 0.00 0.10 203 0.05 0.30 0.10%* 210 0.70 0.85 0.75
30 155 0.00 0.00 0.13 203 0.07 0.30 0.07* 210 0.60 0.73 0.63
100 155 0.02 0.04 0.08 203 0.04 0.11 0.04* 210 0.27 0.40 0.28
5 156 0.60 0.60 0.80 204 0.40 0.40 0.40
10 156 0.70 0.70 0.90 204 0.50 0.40 0.50
20 156 0.75 0.75 0.90 204 0.30 0.40 0.45
30 156 0.80 0.80 0.93 204 0.33 0.50 0.40
100 156 0.82 0.85 0.93 204 0.46 0.39 0.24
5 157 0.00 0.40 0.80 205 0.00 0.00 0.00
10 157 0.10 0.20 0.50 205 0.00 0.00 0.10
20 157 0.10 0.25 0.55% 205 0.00 0.05 0.05
30 157 0.07 0.33 0.40%* 205 0.00 0.07 0.03
100 157 0.04 0.36 0.12%* 205 0.01 0.03 0.02%*

Table 4: Precision on ten TREC-3 and nine TREC-4 Queries for Experiment 1 (query
201 was subsequently thrown out by the TREC organizers). Notations are as in Table
3.
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A Appendix: Author-Specified Queries

; TREC 2 Queries
(setq query6l ‘({israel israeli tel-aviv mossad} {iran-contra iran scandal diversion arms}))
(setq query62 ‘({coup d’etat} {attempt success successful overthrow surrender revolt oust}))
(setq query63 ‘({ machine translation translation} {software application marketing product
develop implementation market implement prototype company}) )
(setq query64 ‘({hostage kidnap kidnapper hijack}
negotiate trade exchange swap release attempt politica overnment
goti d hang p rel pt political g )
(setq query65 ‘({information retrieval ir}
storage query text interface software a ication marketin
ge query i t f pplicati keting
product develop implementation market implement prototype company}) )
(setq query66 ‘({natural language nlp}
{linguistic feature capability parser analyzer semantic syntactic syntax}
technolo marketin roduct develop inc prototype
hnology marketing product develop inc p ypel) )
(setq query67 ‘({protest riot sit-in uprising} {political government dissident politics }))
(setq query68 ‘({asbestos fiber fine-diameter} {health hazard lung cancer osha harmful}))
(setq query69 ‘({salt treaty} {limit revive ratify senate ceiling lobbyists lobby}
{reagan buildup starwars star}))
(setq query70 ‘({surrogate} {mother motherhood}
{law legal judicial lawyer court custody hearing}))
; TREC 3 Queries
(setq queryl51 ‘({jail prison inmate correctional}
{overcrowding overcroweded capacity taxpayer cost}) )
(setq queryl52 ‘({defense military military-industrial contract}
{impropriety cheating fraud bribery}
{service product supplier contractor developer}))
(setq query153 ‘({insurance coverage} {long term care}))
(setq queryl54 ‘({oil spill accident} {gallon ton ship offshore holding tank shipborn}))
(setq queryl55 ‘({christian coalition fundamentalism southern baptist bible belt}
{political power influence voter turnout}))
(setq query156 ‘({gun firearm rifle semi-automatic}
{control legislation brady law second amendment restrictions}))
(setq queryl57 ‘({sclerosis auto-immune}
{cure cause treatment research drug therapy healing heal}))
(setq query158 ‘({term} {limit senate consecutive representative} ))
(setq query159 ‘({electric alternate energy} {car vehicle}
{development design developing underway building selling sell}))
(setq query160 ‘({vitamins a b c}
{cure disease ailment preventative prevent improve success progress}))
; TREC 4 Queries
(setq query202 ‘({nuclear proliferation} {treaty treaties}
{status violations monitor monitoring} ) )
(setq query203 ‘({tire} {recycle recycling} {economic impact cost}) )
(setq query204 ‘({nuclear} {power plant} {location rate production kilowatts}) )
(setq query205 ‘({paramilitary para-military} {activity group meeting exercise}) )
(setq query206 ‘({third} {party perot} {likelihood viability success succeed win}) )
(setq query207 ‘({quebec canada} {independence separatists separation}) )
(setq query208 ‘({bioconversion biological} {reuse recycle waste energy fertilizer}
{recent development research breakthrough product adoption adopt}) )
(setq query209 ‘({social} {security}
{stability instability broke bankrupt measure proposal}) )
(setq query210 ‘({medical needle} {waste needle}
{illegal disposal dumping dump anti-dumping pollution} ) )

15



B Appendix: Subject-Specified Queries
The original query appears first, followed by its modification to have only two termsets.

(setq query202 ‘({nuclear} {treaty} {proliferation} {monitor}) )
(setq query202b ‘({nuclear treaty} {proliferation monitor}) )
(setq query203 ‘({recycle environment} {tire} {economics save} {impact}) )
(setq query203b ‘({recycle environment} {tire economics save impact}) )
(setq query204 ‘({nuclear power plant} {location list} {unite state} {production rate}) )
(setq query204b ‘({nuclear power plant} {location list unite state production rate}) )
(setq query205 ‘({paramilitary} {unite state} {terrorist} {domestic}) )
(setq query205b ‘({paramilitary} {unite state terrorist domestic}) )
(setq query206 ‘({political} {party} {third} {unite state}) )
(setq query206b ‘({political party} {third unite state}) )
(setq query207 ‘({quebec canada} {separatist} {independence} {prospect}) )
(setq query207b ‘({quebec canada} {separatist independence prospect}) )
(setq query208 ‘({conversion recycle} {plant} {waste} {development}) )
(setq query208b ‘({conversion recycle} {plant waste development}) )
(setq query209 ‘({social} {security} {bankrupt} {proposal}) )
(setq query209b ‘({social security} {bankrupt proposal}) )
(setq query210 ‘({medical waste} {disposal} {illegal} {solution solve}) )
(setq query210b ‘({medical waste} {disposal illegal solution solve}) )
(setq query21l ‘({dwi dui} {death} {law} {drink drive}) )
(setq query211b ‘({dwi dui} {death law drink drive}) )
(setq query212 ‘({copyright} {violation} {international} unite state}) )
(setq query212b ‘({copyright} {violation international unite state}) )
(setq query213 ‘({dna gene} {test} {crime murder} {convict sentence}) )
(setq query213b ‘({dna gene} {test crime murder convict sentence}) )
(setq query214 ‘({hypnosis} {self-induce self} {technique} {trick}) )
(setq query214b ‘({hypnosis self-induce self} {technique trick}) )
(setq query215 ‘({infant} {mortality} {cause} {unite state}) )
(setq query215b ‘({infant} {mortality cause unite state}) )
(setq query216 ‘({osteoporosis} {treatment} {prevention} {research}) )
(setq query216b ‘({osteoporosis} {treatment prevention research}) )
(setq query220 ‘({crossword puzzle} {puzzle maker}) )
(setq query220b ‘({crossword puzzle} {puzzle maker}) )
(setq query223 ‘({microsoft} {bill gate} {computer industry} {history}) )
(setq query223b ‘({microsoft bill gate} {computer industry history}) )
(setq query227 ‘({u.s. military} {friendly fire} {accident foul play} {death kill}) )
(setq query227b ‘({u.s. military} {friendly fire accident foul play death kill}) )
(setq query232 ‘({near-death} {report} {experience} {evaluation}) )
(setq query232b ‘({near-death} {report experience evaluation}) )
(setq query236 ‘({law regulation} {sea ocean} {disagreement conflict} {coastal}) )
(setq query236b ‘({law regulation} {sea ocean disagreement conflict coastal}) )
(setq query238 ‘({park} {national} {maintenance management}) )
(setq query238b ‘({park} {national maintenance management}) )
(setq query239 ‘({cancer} {nation} {rate} {cause}) )
(setq query239b ‘({cancer} {nation rate cause}) )
(setq query242 ‘({affirmative action} {equal opportunity}
{construction build} {industry company}) )
(setq query242b ‘({affirmative action equal opportunity}
{construction build industry company}) )
(setq query243 ‘({fossil fuel energy} {private co industry}
{government federal gov} {restrict bar}) )
(setq query243b ‘({fossil fuel energy}
{private co industry government federal gov restrict bar}) )
(setq query250 ‘({firearm gun weapon} {crime criminal}
{ammunition sale} {correlation connetion}) )
(setq query250b ‘({firearm gun weapon}
{crime criminal ammunition sale correlation connetion}) )
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