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Abstract. A retrospective method for the performance comparison of queries based on
different IR models is introduced. The method is based on the interactive optimisation of
queries by a group of test searchers using a query performance analyser. The case experiment
focused on comparing the maximum effectiveness of Boolean exact-match queries, and
structured and unstructured best-match queries. The experiment verified the problems in
maintaining precision of Boolean queries at high recall levels. Interesting similarities were
also observed between structured and unstructured best-match queries challenging the results
of earlier studies.
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1 Introduction

Different types of queries are a challenge for experimental evaluation methods.
Depending on the IR model upon which the IR system is based, the query might be
a Boolean expression, a vector with weights for each term, a natural language
sentence or a bag of words [24]. The comparisons of best-match and exact-match
Boolean systems are rare. This is not a surprise since experimenters are facing the
problem of diversely developed evaluation methods. Traditional test designs are
often IR model specific.

Apart from the differences in evaluation environments and practices, finding an
appropriate measure for comparisons remains a key problem. Boolean IR systems
retrieve unordered document sets matching exactly the query, and performance is
typically measured by two overall figures, precision and recall averaged across the
test topics. Best-match systems rank documents in order of decreasing probability of
relevance, and performance is measured by averaging precision at some standard
points of operation, e.g. fixed recall levels Ry ;...R; . The comparison of results is
difficult between IR models [9].

1.1 Boolean and best-match queries: query-centred experiments

The study by Salton et al. [16] is a classical experiment comparing queries of
different IR models. The effectiveness of Boolean queries, vector-based queries, and
extended Boolean queries (based on the p-norm model) was compared. All queries
were composed from the same set of query terms (a set of single terms). In the
extended Boolean queries, connectives (AND, OR) were softened, and in the
vector-based queries the effect of operators was completely abolished. All query
results were ranked using the tfidf formula — also within the result sets of Boolean
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queries. The same retrieval software was used for all queries; only the p parameter
for Boolean operators was tuned. Precision at standard recall levels could be used as
a performance measure. The main finding was that extended Boolean and vector-
based queries outperformed traditional Boolean queries.

Paris & Tibbo [12] made a similar experiment by formulating candidate Boolean
queries for each of the 100 search topics of the CF test collection using nine
protocols. One or a few candidate queries were generated from each protocol.
Among other things, protocols guided to vary the number of conjunctions in search
for “optimal” Boolean formulations. “Optimal” queries were required to achieve full
or nearly full recall at maximum level of precision. Best-match queries were derived
from the Boolean queries found optimal by excluding AND operators. Phrases and
disjunctive structures were retained for best-match queries. Performance was
measured by the overall average precision and by the £ measure calculated from
high recall queries (R,,,=0.98-0.99). The main finding was that Boolean queries
slightly outperformed best-match queries.

The problem in the above experiments is that they neglected some essential
differences between IR systems. Queries compared were forced to contain the same
set of terms, and an equivalent structure (if possible). As can be seen from the
results, comparisons are sensitive to the strategies adopted in query formulation.
Salton’s approach is not fair to Boolean queries. The number of conjunctions in
Boolean queries derived from the topic descriptions in natural language tends to be
high (i.e., query exhaustivity was high). In queries without expansion, precision
collapses already at low recall levels because of the exact match requirement [2, 20].
Similar drop is not likely to happen in best match queries. In the latter study [12],
Boolean queries contained few conjunctive structures (i.e., query exhaustivity was
low) to guarantee high recall. Best-match queries were punished since higher query
exhaustivity could have improved their performance [22].

The conclusion from the query-centred experiments is that queries should be
designed separately for different matching models to guarantee fair comparison.
Empirical support for this view was published in [18] questioning the results of an
experiment by Tenopir and Shu [26].

1.2 Boolean and best-match comparisons: user-centred experiments

Boolean and best-match systems have also been compared by using real searchers to
formulate Boolean queries and by using automatic procedures to generate best-
match queries [11], or by using real searchers for both Boolean and best-match
systems [7]. Ranking algorithms were not applied in these experiments for Boolean
queries. Precision and recall were calculated for each query at the document cut-off
value equalling the size of the Boolean query result, and averaged over all search
topics. In a similar study by Turtle [27], the novelty of documents was used as the
ranking criterion in Boolean queries. Average precision at the standard recall levels
could be used as the performance measure. However, the idea of using document
age as a topical relevance criterion has not received general acceptance [11].

Queries can be formulated by real users for all matching methods compared but the
effects of user-related variables on system related variables are difficult to control.
This is not a major problem if the goal is to measure the overall performance of a
given user group in a given retrieval environment, see [7]. However, the control of
user related variables becomes an issue when the goal is to study the core
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characteristics of IR systems based upon different matching models. Another
problem is that the systematic differences in queries designed for models compered
are hard to analyse. Users can select any query terms or query structures they like
inducing unnecessary variation in resulting queries.

1.3 The goals and motivation of this study

Both query-centred and user-centred experiments described above have shared
similar research goals. They were attempts to reveal the overall superiority of one IR
model over the other (see examples in [4]). On the other hand, justified views have
been presented that overall performance differences between different IR methods
are small [11, 15]. The variation of performance differences from one search topic
to another has been suggested as a relevant starting point for future comparisons
[12].

Professional search experts have also raised interesting questions: When do best-
match queries perform best? When Boolean queries work better? What are
appropriate query formulation strategies for an IR system based on particular
matching model? See [3] and [25]. These questions are timely since modern IR
systems support both Boolean and best-match queries as an integrated functionality.
The trend towards IR systems where the user may select between a bag of words
queries (simple mode) and structured queries (advanced mode) is clear in the World
Wide Web but the present implementations vary a lot.

This paper presents a new method for controlled comparisons of queries based on
different matching models and the results of a case study applying the method. The
basic ideas behind the proposed method are:

1. Queries are formulated and optimised separately for each IR method. This gives
a fair basis for comparisons.

2. The queries used in the comparison are derived from an inclusive query plan
designed for each search topic. The total set of queries that can be derived from
the inclusive query plan is called query tuning space. Since queries for all IR
models are derived from joint query plans, uncontrolled variation in resulting
queries can be reduced.

3. Optimisation requires that relevance data is available and used in the search
formulation process. This means that the proposed method is retrospective, see
[14]. Harter [6] was the first to propose a method for searching optimal query
formulations on basis of relevance data.

4. An interactive Query Performance Analyser (QPA) is used as an interactive
tool by which the users are able to efficiently and conveniently search for
optimal formulations in query types investigated. QPA gives instant visual
feedback of the effectiveness of queries formulated [21].

The paper is organised in the following way. Section 2 will explain the basic
concepts of the method. Section 3 describes the case study conducted to demonstrate
the proposed method. The findings of the case study and the experiences got from
the proposed method are discussed in Section 4.
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2 A new method for query comparisons

Traditional query-centred experiments employed single queries having an
equivalent structure for all systems compared. To overcome the restrictions of fixed
queries we introduce a facet-based approach to represent query plans, all queries in
the query tuning space and optimal queries.

2.1 A facet-based framework for query structures

The notion of facet has been adopted in the Boolean IR literature to represent the
relationship between query structures and search topics as expressed information
needs. A facet is a concept (or a family of concepts) identified from, and defining
one exclusive aspect of a search topic. The notion of facet helps to identify query
terms that play a similar semantic role, and are interchangeable in a query or a text.
Terms within a facet are naturally combined by Boolean disjunctions. Facets
themselves present the exclusive aspects of desired documents. Thus, a natural
interpretation for facets is Boolean conjunction or negation [5, p. 76-81].

We need two additional concepts to characterize the structure of Boolean queries.
Query exhaustivity (Exh) is simply the number of facets that are exploited in a
query. Query extent (QF) measures the broadness of a query, e.g. the average
number of query terms used per facet. The structural properties, exhaustivity and
extent, are illustrated in Figure 1. In query ¢;,

Exh(i)=n,and

QE() = (Zn: [facet-terms(F’;)|)/ n,

where |facet-terms(F;)| gives the number of terms selected for facet F). In query g;,
these numbers for facets /4], [B], and [N] are, respectively, &, /, and m.

The changes made in query exhaustivity and in query extent to achieve appropriate
retrieval goals are called query tuning. The range within which query exhaustivity
and query extent can change sets the boundaries for query tuning. In query g,
exhaustivity may be tuned from 1 to n, and extent from 1 to (k+/+ ...+m)/n. Figure
1 illustrates actually a model of an inclusive query plan. The inclusive query plan is
always one interpretation of a search topic, and there is no way to guarantee that it is
a complete one (if there is such). However, it is based on a controlled work of a
search expert, and gives a common platform to compare the behaviour of different
query types, see [18].

Query tuning space consists of all queries that can be derived from the inclusive
query plan. The size of the query tuning space can be computed using the formula

Nors =(2k —1)+ (2" —1)-(21 —1)+...+(2" —1)- (2’ —1)-...~(2'” —1)

where k, [, and m are the number of query terms for different facets of the inclusive
query plan (see Figure 1). For instance, if we assume a query plan consists of 5
facets and 5 query terms per each facet, the number of optional queries is 31 for the
first facet, i.e. at Exh=1. Further, 31x31=961 optional queries are available for
Exh=2, 31x31x31=29,791 for Exh=3, 31x31x31x31= 923,521 for Exh=4, and
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28,629,151 for Exh=5. In the given example, the size of the query tuning space is
29,583,455. The risk of combinatorial explosion is obvious as soon as the
exhaustivity and extent of inclusive query plans grow.

2.2 Query optimisation with QPA

Sormunen [18, 19] introduced a heuristic algorithm for optimising Boolean queries
at standard recall levels. In the same study, it was shown that the optimisation of
queries could be made interactively by real searchers exploiting the Query
Performance Analyser. Of course, the interactive optimisation is realistic only in
small and medium sized query tuning spaces. The advantage of interactive
optimisation is that the constraints of optimisation can be conveniently changed
from one experiment to another by giving the searchers new guidelines. The real
power of the searcher-based optimisation is that heuristics requiring common sense
and searching expertise can be applied.

The Query Performance Analyser is a web-based tool developed at the University of
Tampere for the performance analysis and visualisation of individual queries. On
top of a laboratory test collection, the tool offers immediate performance feedback
in the form of recall-precision curves, and a visualisation of actual query results.
The searcher is able to study, in a convenient and effortless way, the effects of any
query modifications. The performance data for all queries are stored automatically,
and the precision of optimal queries at a particular recall level can be checked easily
[21].

The use of QPA' is quite straightforward and intuitive. After selecting the search
topic, the database, and the IR system to be used, the user enters the query
formulation page. (S)he types in the query using the query language of the target IR
system (here the Inquery search language). After the query has been processed in
the IR system and query results downloaded, the recall-precision figures are
computed, and the resulting P/R graph is automatically presented to the user.

QPA displays the resulting P/R graph highlighted together with the best results
achieved in earlier queries. Thus, the user sees immediately after executing a query
whether or not any progress has been made. If the average precision over all recall
levels exceeds that of earlier queries, the query is automatically assigned to the
"Hall of Fame". Actually, any precision curve can be presented in the background as
a reference. Basic data of all queries are stored in to a log file.

2.3 Performance measures

Performance of queries based upon different IR models can be measured and
represented in several comparable ways but only two of these support the idea of
separately optimised queries. Salton et al. [16] assumed that all query results are
ranked by using the tf'idf formula. This is a simple and convenient method when the
IR system supports the ranking also in Boolean queries, e.g. [1, 16]. In WWW,
ranking of Boolean query results is common, see e.g. AltaVista (URL:
www.altavista.com). Ranked Boolean queries are not genuine Boolean queries but
they are realistic since they are based on the exact match principle.

! See the demo of QPA: http://www.info.uta.fi/~lomise/pinball3.5/pinball3.5.html.
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Another option is to optimise Boolean queries at standard points of operation, e.g. at
fixed recall levels R ;-R; o [18]. In this case, a P/R curve is interpolated from several
Boolean queries found optimal at a particular recall level. The combined P/R curve
is compared to the P/R curve of a single optimised best-match query. This approach
is more complex than the approach used by Salton and the validity of comparisons
based on a group of Boolean queries and a single best-match query may be
questioned.

3 A case study

The goal of the case study was to compare the effectiveness and characteristics of
Boolean queries, structured probabilistic queries and unstructured probabilistic
queries all optimised separately on basis of full relevance data.

3.1 Research questions
The research questions of the study were:

1.  General performance characteristics. Are there differences in the average
performance capability between Boolean queries, structured best-match queries
and unstructured best-match queries? The tentative hypothesis was that the
effectiveness of structured best-match queries should be highest since it
combines weighting from the best-match IR models with the query structures
of the Boolean IR model but avoids the pitfalls of exact matching.

2.  Query exhaustivity and extent. How exhaustivity and extent vary in queries
optimised separately for different query categories? An earlier experiment
showed that high recall could be achieved in Boolean queries only by reducing
dramatically the exhaustivity of queries [19, 20]. It has also been suggested
that, in best-match queries, higher exhaustivity could be used to maintain
precision in high recall searching [22]. Unstructured queries have usually
suffered from query extension [10]. Thus, the extent of optimal unstructured
queries should be lower than in other queries.

3. Performance characteristics at different exhaustivity levels. How exhaustivity
is related to performance in different query categories? Different search topics
contain a varying number of searchable facets, and real users identify and
apply all or some of them in the query formulation process. An interesting
question is, which of the query categories most likely leads to the highest
effectiveness at a given exhaustivity level.

3.2 Methods and data
Test Collection

The test environment is a text database containing Finnish newspaper articles
operated under the InQuery retrieval system (version 3.1). The database contains
53,893 articles published in three Finnish newspapers. For the database there is a
collection of 35 topics, which are 1-2 sentences long, in the form of written
information need statements. For the topics of the collection there is a recall base of
17,337 articles, which fall into four relevance categories. The base was collected by
pooling the result sets of thousands of different queries formulated from the topics
in different studies, using both exact-match, and best-match retrieval [10, 18].
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In addition, the test collection provides inclusive query plans that were designed by
an experienced search analyst. One of the goals in inclusive query planning was to
identify all searchable facets for each search topic. The mutual recall capability of
facets was estimated to find one fixed facet order to be used in experiments [18].

A subset of 18 search topics was used in this experiment. For this subset, the results
of a comprehensive text analysis of all relevant documents are available, i.e. how
query plan facets have been expressed [18]. Thus, the subset of the test collection
provides several extraordinary features: reliable relevance data, inclusive query
plans including an ordered set of facets, and occurrence data how query plan facets
have been expressed in relevant documents.

Inquery

The easiest way to design a test setting is to optimise queries in a retrieval system
that supports three query categories:

1. Boolean queries: Exact-match Boolean queries creating a distinct result set
are supported.

2. Structured best-match queries: Facet-based query structures are supported in
ranking documents but exact match is not required.

3. Unstructured best-match queries: Facet-based query structures may be
dismissed.

All this was available in InQuery.

InQuery is a best-match retrieval system but it also allows retrieval of strict Boolean
result sets. All result sets, whether agreeing Boolean conditions or best match
queries, are ranked. InQuery is based on Bayesian inference networks and it
supports a wide range of operators, including strict Boolean AND, OR, NOT and
proximity operators as well as various best match operators. For details, see [1, 8,
27].

Query plans

Inclusive query plans designed in the earlier research project for the test collection
[18] were used as a starting point of query plans in the present study. The ordered
set of facets was taken as a frame for query plans but query terms used in the earlier
experiment were rejected. Expressions identified in the facet analysis of relevant
documents were used instead. Collecting query terms this way guaranteed that all
terms occur at least some training set documents, and on an equal basis for all
search topics. In addition, the idea was to create a reference for a study of real users
trying to capture best query terms without any external help (an idea for a future
experiment).

A critical issue in retrospective evaluation is the risk of over-fitting [14]. The
problem is that the optimum may be found on basis of unpredictable document
features like spelling errors or rarely used expressions. A secure way to avoid over-
fitting is to use different documents for optimising queries (a training set) and
testing their performance (a fest sef).

The 661 relevant documents for the 18 search topics were divided into two groups
by taking a systematic sample. The sample used as the training set consisted of 335
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articles. The rest of documents (326 articles) were used as the test set for
performance measuring.

Query terms for each query plan facet were selected through the following process:

1. alist of all expressions used to represent a facet in the training set documents
was composed,

2. all complex phrases not having an established status like "chemical,
biological and nuclear weapons" or "arms factory and armoury" were
excluded since they were not regarded as likely query term candidates,

3. all expressions occurring only in one relevant document were excluded.

The aim of pruning the original list was to make query plans more manageable for
test searchers. Expressions appearing rarely in texts are neither likely to appear as
query terms in real searching situations.

The original query plans contained from 2 to 5 facets (average 3.9). After the
pruning process, the total number of query terms accepted was 452, which
corresponds to 25 query terms per query. The average number of query terms was
6.4 per facet ranging from 1 to 20. Facets related to named persons and
organizations provided quite few query terms. Since the names of persons and
organizations are usually quite good query terms both in terms of recall and
precision, their facets are typically ranked first in query plans. Thus, the average
number of query terms was as low as 4.8 for the first facets (i.e. Exh=1) while
ranging between 5.9 and 7.6 terms in other facets.

The three versions of query plans were generated and stored as a text file to make
the work of test searchers as convenient as possible.” Operators #band and #and
were used to connect facets in Boolean and structured queries, respectively.
Operator #syn was used to combine query terms within facets. In unstructured
queries, all query terms were combined by the default operator #sum, except for
phrases. Proximity operator #5 was used for phrases in all query types. The use of
proximity operator is not common in experiments using unstructured queries, but
can be justified when queries are formulated manually.

Optimisation

Three test searchers, all competent users of the InQuery system and the Query
Performance Analyser, were selected as query optimisers. They were given written
guidelines, and the procedure of optimisation was also explained in an introductory
session. After this all test searchers made some optimisations to train themselves,
and a new meeting was held to clarify the details of the procedure.

The optimisation was conducted in two stages. First, each test searcher got a set of
six search topics, and an overall time limit of 6 hours per search topic in
optimisation. After all searchers had completed their work, each searcher was given
three search topics optimised by two other searchers. The idea of the second round

% #band is a strict Boolean AND-operator; #and is a “soft’ Boolean operator giving a product
of the weights of all keys or InQuery expressions within its scope. All operands within the
#syn are treated as instances of one search key. #sum gives an average of the weights of the
operands. #n is a proximity operator specifying its operands within n words in given order.
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was to check syntactic and technical errors in optimisation results as well as find
more optimal queries. A time limit for performing the second round was 2 hours per
search topic.

The test searchers were advised to seek optimal queries separately at each
exhaustivity level, and test at least 10 query versions for each exhaustivity level and
query type. Boolean queries were optimised first, next structured queries, and finally
unstructured queries. The order of query types was not rotated but the searchers
were encouraged to return to optimise earlier query types if any doubts raised in
course of the work.

A separate copy of QPA was used for the optimisation of different query types, and
the searcher could make direct comparison only within a query category but not
between them. The measure of effectiveness used in comparing queries was
precision averaged across recall levels Ry ;-R; . All queries with time stamps, user
ids, and measured precision averages were automatically stored into a log file. Best
queries overall were available on the "Hall of Fame" but this file typically contained
only optimal queries for one exhaustivity level. Best queries for other exhaustivity
levels had to be checked from the log file.

The use of two stage optimisation turned out to be useful since two major syntactic
errors affecting substantially the optimisation results were observed, and could be
corrected. The other aim of redundant work was to reveal "blind spots" in
optimisation procedures adopted by individual searchers. The second searcher could
improve 16 (23%) of the Boolean, 23 (32%) of the structured, and 22 (31%) of the
unstructured queries. In one search topic, the effectiveness of queries improved
substantially but most improvements did not have practical importance.

The total number of queries attempted per search topic was about 520 for Boolean,
280 for structured and 350 for unstructured queries. The number of attempts per a
search topic ranged from 77 to 3050. These figures correlated with the number of
potential combinations originating from a particular query plan ranging. For
instance, the query plan for the former topic (77 attempts) contained 2 facets and 13
query terms while the latter (3050 attempts) contained 5 facets and 52 query terms.

Test runs and data analysis

The three series of queries achieving the highest average precision over all recall
levels at each exhaustivity level were collected from the log files. The relevant
documents of the training set were not removed from test database but they were
excluded by using the operator #bandnot of InQuery. Actual test queries were of
form #bandnot(Q, #syn(n,, n; ...n,)), where Q,,, is the optimised query, and #n;, n;
...n,, are id-numbers for relevant documents belonging to the training set.

Query exhaustivity and extent data was gathered from the lists of optimal queries.
Standard tools available for InQuery were used to collect and analyze performance
data. We compared the performance as average precisions at standard recall levels
and grand precision averages over recall levels. Statistical significance was tested
with Friedman two-way analysis by ranks using both types of precision averages.
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3.3 Results
Performance and structure of optimal queries

Structured best-match queries performed somewhat better than the other queries
(Figure 2). The average precision in structured queries was 0.07 above Boolean and
0.06 above unstructured best-match queries but the differences observed were not
statistical significant. At the lowest recall levels, the precision of Boolean queries
achieved that of structured queries while, at the highest recall levels, Boolean
queries were not as effective as the best-match queries. It turned out that the
observed lower precision of Boolean queries at highest recall levels was statistically
significant (see Table 1).

The results gave partial support to our tentative hypothesis that structured queries
should perform better than other query categories since they combine weighting and
query structures but avoid pitfalls of exact matching (distinct result sets). The
success of Boolean queries at the lowest recall level may sound surprising but this
phenomenon has a test environment based explanation. Even in the strict Boolean
mode, InQuery ranks the documents within the result set. Boolean queries enjoyed
similar weighting benefit as structured queries. At the highest recall levels, the
precision of Boolean queries fell below that of other queries because the exact
match requirement rejects completely some of the relevant documents.

The stalemate between structured and unstructured queries at the highest recall
levels was not in line with the tentative hypothesis. A potential explanation for equal
performance may relate to the characteristics of documents that are retrieved only at
the highest recall levels, the least retrievable documents [18]. Typical of the least
retrievable documents is that they either do not contain searchable expressions for
one or more query facets, or the expressions used in the text do not match terms
used in the query. In addition, the number of expression occurrences is lower in
least retrievable documents. The least retrievable documents do not provide much
evidence for weighting based on term occurrences or on co-occurrence of facets.
Two other potential explanations for the stalemate between structured and
unstructured queries are discussed in Section 4.

Structural characteristics of optimised queries

The average exhaustivity and extent of optimised queries is presented in Figure 3. It
turned out that the exhaustivity of Boolean queries was only about 2.8 while rose to
3.6 in structured queries and up to 3.7 in unstructured queries. The measured
exhaustivity difference was statistically significant between the Boolean and best-
match queries but not between structured and unstructured queries. The average
extent of queries was highest in unstructured queries (3.5), lowest in the structured
queries (3.0), and quite high in Boolean queries (3.3). Extent differences were not
statistically significant in this data set. Thus the discussion to follow is speculative
in nature because it is based on illustrative examples without firm statistical
evidence.

The low exhaustivity of the Boolean queries was not a surprise since the
requirement of exact match limits the use of facets. If full recall is required, the
exhaustivity of queries may drop below 2 (see [20]) implicating that many Boolean
queries optimal for high recall searching employed only one facet. In this study,
Boolean queries were not required to retrieve all relevant documents, and the
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optimum was found at a higher level of exhaustivity leading to higher average
precision across fixed recall levels than single facet queries. In structured and
unstructured queries, the average exhaustivities were very close to the maximum
(3.9).

In the Boolean queries, 20 out of the 71 facets were not employed in optimal
queries. In 11 search topics, at least one facet was neglected but in seven search
topics all facets were exploited. In 6 search topics, the exhaustivity of Boolean
queries was equal to or more than 4. This is just to emphasize the contradiction of
average results and individual queries. Sometimes expressions for several facets of a
query co-occur in most relevant documents but it is also common that only one or
two facets could be employed.

In the structured queries, the number of neglected facets was only 6/71 in 4 search
topics, and in the unstructured queries the number was 4/71 facets in 4 search topics,
respectively. The results suggest that in structured or unstructured best-match
searching all searchable facets should be employed. All six facets that were rejected
in the optimisation process were quite general and difficult to express by query
terms of any discriminating power.

The extent of optimal queries in unstructured queries deserves further analysis.
Earlier studies, e.g. [10], have shown that query expansion does not improve the
effectiveness of unstructured queries but just the opposite. Our results suggest that
there is neither difference in the extent nor in the effectiveness of structured and
unstructured queries. This contradiction is discussed in Section 4 as well.

Optimal queries on different exhaustivity levels

The aim of comparing optimal queries at different exhaustivity levels is to
comprehend better the behaviour of different query types when the number of
available or employed facets varies. Figure 4 presents a comparison of queries
optimised at low exhaustivity levels 1 and 2.

If only one facet is employed, no clear performance differences between the query
types were observed. The difference in averages was less than 0.02 and overall
differences or differences at individual recall levels were not statistically significant
(Table 1). The average precision of queries was well below the optimum presented
in Figure 2 except at the highest recall levels Ry - R; . If the goal of searching is to
retrieve all relevant documents, single facet queries may be as competitive as any
more focused best-match queries of higher exhaustivity (precision varies from 0.054
to 0.056). The top of the ranked list may be richer of relevant documents in multi-
facet queries but the last relevant document has always a very low rank. Overall,
precision was quite low for all query types and for all exhaustivity levels at the
highest recall levels.

In case of two facets, the average precision of Boolean and structured queries was
slightly above (0.05 - 0.06) the precision of unstructured queries. The role of query
structures is advantageous both in strict and soft sense. At the highest recall level
Ry - R;, the effect of strict AND-operators drops the precision of Boolean queries
and they are no more competitive with best-match queries. The above results turned
out to be statistically significant (see Table 1). The precision curve for the Boolean
queries reached its maximum position at exhaustivity level 2. In other words, one
could see Exh=2 as the default value for exhaustivity in optimal Boolean searching.
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Of course, other factors may lead to increase or decrease exhaustivity in individual
cases but, anyway, the over-exhaustivity of queries is a major performance risk in
Boolean searching, see [18].

Figure 5 presents the P/R graphs for the exhaustivity levels 3 and 4. When three or
four facets were employed, the precision of Boolean queries fell clearly below the
precision of other query types. This was especially clear at R, s and above. At the
lowest recall level, Boolean queries were still competitive. The average precision
was again higher in structured queries than in unstructured queries (difference 0.03-
0.05), but at the lowest and at the highest recall levels the difference was negligible.
However, the difference observed between best-match queries was not statistically
significant (see Table 1).

4 Discussion and conclusions
4.1 Findings of the case experiment

The results of the case experiment corroborated the findings in [18, 19, 20]
suggesting that the requirement of exact-match in traditional Boolean queries leads
to the fall of precision in high recall searching. In this study, we could compare
Boolean queries and best-match queries, and verify that the decline of effectiveness
is associated with the exhaustivity of queries. Over-exhaustivity is an effectiveness
risk in the formulation of Boolean queries. The fall of precision was steadier in best-
match queries.

Although Boolean queries were less effective than the others, all query types
suffered from low effectiveness at the highest recall levels Ry o-R; . Even under the
idealized conditions (a homogeneous and relatively small collection of documents,
query terms from relevant documents, optimisation with full relevance data)
precision fell close to or below 10 percent. This result gives a chance for a
pessimistic prognosis in searching of large databases like web indexes.

Earlier experiments based on predictive evaluation methods have shown that
structured queries benefit of query expansion but unstructured queries suffer from
the increase of query extent [10]. Similar difference between structured and
unstructured queries has been observed in CLIR experiments [13, 23]. Our results
suggest that there is difference neither in precision nor in extent of optimal queries.
Two potential explanations were easy to name:

1. Phrases and proximity operators. Even in unstructured queries phrases were
expressed by using #5-operator. In the studies mentioned, phrases have been
split into component words and treated as independent query terms. An
additional test was conducted the effect of phrases and proximity operators. The
average precision of unstructured queries fell only insignificantly. Thus
proximity operators were not explaining the contradiction in results.

2. Only highly focused query terms used. All terms used were justified expressions
for the query plan facets, and were representative for the relevant documents of
the training set. In addition, all query terms that did not improve the
effectiveness of queries were very likely to be rejected in the optimisation
process. This is not the case in predictive evaluation where queries tend to
contain also very poor or even harmful query terms. The role of the query
structure is to minimize the effect of noise generated by these terms [8]. The
sensitivity of different query types to the effects of noise query terms was tested
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by adding up to 5 broad terms to each facet of optimal queries. It turned out that
precision was falling fastest in Boolean and structured queries. So, the second
explanation failed.

After these failures to falsify the original findings one could conclude that different
evaluation methods may emphasise different aspects of the same phenomenon. The
results suggest that if an optimal set of query terms covering all relevant facets (high
exhaustivity) and alternative expressions (high extent) is found, the structure of
queries brought by operators do not have any role in improving performance. The
situation may be different in real life where the set of optimal query terms is
extremely difficult to discover (as predictive evaluations suggest).

4.2 Retrospective evaluation and the use of QPA

The image of the retrospective evaluation method as applied by Shaw [17] and
criticized by Robertson [14] has been very poor. The work by Sormunen [18, 19]
partially based on the ideas of Harter [6] justified that the retrospective approach
can be used reasonably in analyzing the performance capability and structures of
Boolean queries. This study expanded the use of the retrospective approach to the
comparison of Boolean and best-match queries. Another difference was that now
query optimisation was based totally on the interactive use of the Query
Performance Analyser.

Over-fitting in optimising queries with the help of full relevance data is a justified
fear but this fear should not be overemphasized. The use of separate training and
test sets is a simple solution to solve the problem although it increases the amount of
work. Even a more important question is how experiments are designed and the
number of uncontrollable variables is reduced. The role of query plans as a solid
framework for the query tuning space, and the control of the optimisation process
are key issues in this respect. The more there are degrees of freedom in the query
optimisation process, the more difficult it is to make valid inference on empirical
results.

The use of the Query Performance Analyser was not comprehensively evaluated as
an optimisation tool but first impressions were encouraging. The number of query
modifications compared by the searchers was substantial. In predictive evaluation
and in traditional experimental designs, an equal versatility of queries is difficult to
achieve. The advantage of QPA is that it supports also the detailed analysis of query
results, see [18]. An obvious danger in the optimisation is that test searchers easily
get excited of "game playing". In hunt for higher scores, test persons may forget the
actual goals of their work. For instance, we noticed that those exhaustivity levels at
which the highest performance was achieved, more candidate queries were
composed than at other exhaustivity levels. If the risk is not realized in user
guidance and control, data may suffer from biases.
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Figure 1. The structural dimensions of a query for a search topic containing n
identifiable facets.
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Figure 2. Average performance of optimised Boolean, structured and unstructured
queries in the test set (18 search topics).
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Figure 3. Average exhaustivity and extent of optimised Boolean, structured and
unstructured queries (18 search topics).
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Figure 4. Performance of optimised Boolean, structured and unstructured queries at
low exhaustivity levels Exh=1-2 (18 search topics).
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Figure 5. Performance of optimised Boolean, structured and unstructured queries at
high exhaustivity levels Exh=3-4 (12-17 search topics).
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Table 1. The results of the statistical significance test (Friedman) for precision

differences. B=Boolean, S=structured best-match, U=unstructured best-match
queries. Significance levels: * denotes p<0.05, ** p<0.01, and *** p<0.001,
respectively.
Recall Best Best Best Best Best Queries
Queries Queries Queries Queries (Exh=4)
Overall (Exh=1) (Exh=2) (Exh=3)
0.1 - - B,S>U** - -
0.2 - - B,S>U* - -
0.3 - - - - -
0.4 - - B>U** - -
0.5 - - - - -
0.6 - - - - S,U >B**
0.7 - - - - S,U >B***
0.8 S>B* - - S,U>B*** | S, U>B***
0.9 S,U>B* - - S,U>B*** | S U>B***
1.0 S,U>B** - S,U>B*** | S U>B*** S, U >B***
Average - - B,S>U* - S>B*
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