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ABSTRACT

The objective of this paper is to present a new technique for com-
puting term weights for index terms, which leads to a new ranking
mechanism, referred to as set-based model. The components in our
model are no longer terms, but termsets. The novelty is that we
compute term weights using a data mining technique called asso-
ciation rules, which is time efficient and yet yields nice improve-
ments in retrieval effectiveness. The set-based model function for
computing the similarity between a document and a query consid-
ers the termset frequency in the document and its scarcity in the
document collection. Experimental results show that our model
improves the average precision of the answer set for all three col-
lections evaluated. For the TReC-3 collection, our set-based model
led to a gain, relative to the standard vector space model, of 37%
in average precision curves and of 57% in average precision for
the top 10 documents. Like the vector space model, the set-based
model has time complexity that is linear in the number of docu-
ments in the collection.
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H.3.3 [Information Systems]: Information Search and Retrieval—
Retrieval models; H.2.8 [Information Systems]: Database Appli-
cations—Data mining; F.4.1 [Mathematical Logic and Formal
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1. INTRODUCTION

In the area of information retrieval, one popular model to lo-
cate answers that humans judge to be relevant is the vector space
model. In the vector space model query terms and documents are
represented as weighted vectors in a vector space, and the answers
to a user query are the documents whose representative vectors
have highest similarity to the query vector. The computation of
similarities is based on weights assigned to the index terms that
compose document and query vectors. Much of the success of the
model is due to the long-term research efforts of Salton and his
associates [18, 19].

The term weights can be calculated in many different ways and
finding good term weights is a continuing challenge. The best
known term weighting schemes use weights that are function of
(i) the number of times an index term occurs in a document and (ii)
the number of documents of the collection an index term occurs.
Such term-weighting strategies are called ¢ f x idf (term frequency
times inverse document frequency) schemes [4, 22].

In this paper we propose a new model for computing index term
weights, based on set theory, and for ranking documents. This
model is referred to as set-based model. The set-based model uses
a term weighting scheme based on association rules theory [1]. As-
sociation rules are interesting because they provide all the elements
of the ¢ f x idf scheme in an algorithmically efficient and param-
eterized approach. Also, they naturally provide for quantification
of representative term co-occurrence patterns, something that is not
present in the ¢ f x idf scheme.

We evaluated and validated the set-based model through exper-
imentation using three test collections. We compared our model
against the vector space model and the generalized vector space
model [24]. Our experimental results show that the set-based model
yields higher retrieval performance, which is significantly superior
for all the collections considered. For the TReC-3 collection [8],
containing 3,225 megabytes of text and approximately 1 million
documents, the set-based model yields average precision curves
that are 37% higher than the vector space model. When only the
first 10 answers are considered, this margin goes up to 57%. For
the Wall Street Journal collection, containing 509 megabytes of text
and 173,252 documents, the set-based model, in comparison with
the generalized vector space model, is approximately 22% superior
in average precision and approximately 16% superior in precision
at the first 10 documents in the answer.



The set-based model is also competitive in terms of computing
performance. Both the vector space and the set-based models are
linear on the number of documents in the collection. The vector
space model is O(tN'), where ¢ is the size of the vocabulary collec-
tion and NV is the number of documents in the collection. The set-
based model is O(cN), where c is the number of closed termsets,
a value that is O(2!), where |g| is the number of terms in the
query. These are worst case measures and the average measures
for the constants involved are much smaller. For the TReC-3 col-
lection, using the 151-200 range of topics, where average number
of terms in the query is 22.43, the increase in the average response
time for the set-based model over the vector space model is ap-
proximately 80%. These are relevant facts from both theoretical
and practical points of view, considering that we introduced a new
and more complex model for weighting index terms, which will
often improve the quality of the results.

The remaining of the paper is organized as follows. In the next
section we discuss some related work. Section 3 describes the
method for computing co-occurrences among query terms based
on a variant of association rules. The set-based model is presented
in the Section 4. In section 5 we describe the reference collections
and the experimental results comparing the vector-space model, the
generalized vector-space model, and our model. Finally, we present
some conclusions and future work in Section 6.

2. RELATED WORK

The vector space model was proposed by Salton [18, 15], and
different weighting schemes were presented [19, 25, 16]. In the
vector space model, index terms are assumed to be mutually inde-
pendent. The independence assumption leads to a linear weight-
ing function which, although not necessarily realistic, is ease to
compute. Simple term weighting was used early on by Salton and
Lesk [18]. Spark Jones introduced the idf factor [21], and Salton
and Yang verified its effectiveness for improving retrieval [19].

Different approaches to account for co-occurrence among index
terms during the information retrieval process have been proposed.
Raghavan and Yu [13] use a statistical analysis of a set of queries
in relation to relevant and non-relevant document sets to establish
positive and negative correlations among index terms. The work
by van Rijsbergen [14] constructs a probabilistic model incorporat-
ing dependence among index terms, and experimental results were
later presented in a companion paper [9]. The extent to which two
index terms depend on one another is derived from the distribution
of co-occurrences in the whole collection or in the relevant and
non-relevant sets, leading to a non-linear weighting function. As
shown in [17], the resulting formula for computing the dependency
factors in [14, 9] does not seem computationally feasible, even for
a relatively small number of index terms. The work in [6] presents
a study of the necessity of term dependence in a query space for
weighted based retrieval.

The work in [24, 23] presents an interesting approach to com-
pute index term correlations based on automatic indexing schemes,
defining a new information retrieval model called generalized vec-
tor space model. The work shows that index term vectors can be
explicitly represented in a 2°-dimensional vector space such that
index term correlations can be incorporated into the vector space
model in a straightforward manner. It represents index term vectors
from a basic set of orthogonal vectors called min-terms, where each
min-term represents a pattern of index term co-occurrence inside
documents. The vector representing an index term k; is obtained
by adding all min-terms related to k;. The model is not computa-
tionally feasible for moderately large collections because there are
2¢ possible min-terms, where ¢ is the number of terms in the collec-

tion vocabulary. Extensions of the generalized vector space model
were used in [3, 11].

Our work differs from the above related works in the follow-
ing aspects. First, determination of index term weights is derived
directly from association rules theory, which naturally considers
representative patterns of term co-occurrence. Second, experimen-
tal results show significant and consistent improvements in average
precision curves in comparison to the standard vector space model
and to the generalized vector space model. This improvement in
average precision does not always occur in the generalized vector
space model because exhaustive application of term co-occurrences
to all documents in the collection might eventually hurt the overall
effectiveness and performance. Third, the set-based model algo-
rithm has computational costs that are linear on the number of doc-
uments in the collection. Thus, the implementation of our model is
practical and efficient, with processing times close to the times to
process the standard vector space model.

The work in [5] introduces a theoretical framework for the asso-
ciation rules mining based on a boolean model of information re-
trieval known as Boolean Retrieval Model. Our work differs from
that presented in [5] in the following way. In our work we use
association rules to define a new information retrieval model that
provides not only the main term weights and assumptions of the
tf x idf scheme, but also provides for quantification of term co-
occurrence.

3. CLOSED TERMSETS

In this section we introduce the concept of closed termsets as a
basis for computing term weights. Further, we analyze how closed
termsets can be generated from a document inverted list and briefly
analyze its computational costs.

3.1 Concepts

Let 7' = {kq, ko, ..., k¢} be the vocabulary of a collection of
documents D, that is, the set of ¢ unique terms that may appear in a
document from D. There is a total ordering among the vocabulary
terms, which is based on the lexicographical order of terms, so that
ki < Kkiy1, for1 < ¢ <t — 1. We define an n-termset s as an
ordered set of n unique terms, such that s C 7" and the order among
terms follows the aforementioned total ordering. Let S = {s1, Sz,
..., S¢ } be the vocabulary-set of a collection of documents D, that
is, the set of 2¢ unique termsets that may appear in a document
from D. Each document j from D is characterized by a vector in
the space of the termsets.

With each termset s;, 1 < ¢ < 2% we associate an inverted
list Is; composed of identifiers of the documents containing that
termset. We also define the frequency ds; of a termset s; as the
number of occurrences of s; in D, that is, the number of documents
where s; C djandd; € D, 1 < 5 < N. The frequency ds; of a
termset s; is the length of its associated inverted list (| Is; |).

Definition 1. A termset s; is a frequent termset if its frequency
ds; is greater than or equal to a given threshold, which is known as
support in the scope of association rules [1], and refered as minimal
frequency in this work.

Definition 2. A closed termset cs; is a frequent termset that is
the largest termset among the termsets that are subsets of cs; and
occur in the same set of documents. That is, given aset D C D
of documents and the set Sp C S of termsets that occur in all
documents from D and only in these, a closed termset cs; satisfies
the property that 3s; € Sp|es; C s;.



Definition 3. A maximal termset ms; is a frequent termset that
is not a subset of any other frequent termset. That is, given the set
Sr C S of frequent termsets that occur in all documents from D, a
maximal termset m.s; satisfies the property that As; € Sx|ms; C
Sj.

For sake of information retrieval, closed termsets are interesting
because they represent a reduction on the computational complex-
ity and on the amount of data that has to be analyzed, without loos-
ing information, since all termsets in a closure are represented by
the respective closed termset.

It is proven that the set of maximal termsets associated with
a document collection are the minimum amount of information
necessary to derive all frequent termsets associated with a collec-
tion [26]. However, they do not embed the same amount of infor-
mation that closed termsets do, since the occurrence pattern of each
termset is discarded, making difficult its use for finding interesting
term co-occurrences.

Documents (D)

Figure 1. Sample document collection

Next we present a simple example to illustrate the concepts of
frequent, closed and maximal termsets. Consider a vocabulary of
five terms 7" = {a, b, ¢, d, e}, and a collection D of six documents
dj, 1 < 7 < 6, that contain these terms, i.e., D = {(a,b,c,e),
(¢,d,e), (a,b,c,e), (a,c,d,e), (a,b,c d, e), (b c d)},asdepicted
in Figure 1. Table 1 shows all frequent and closed termsets for
the sample document collection and their respective frequencies.
The minimum frequency used for selecting the frequent termsets
is equal to 50%, that is, a termset is frequent if it appears in at
least three of the six documents. Notice that the number of fre-
quent termsets, although potentially very large, is usually small in
natural language texts. This number is a function of the minimum
frequency and document collection characteristics. It is possible
to vary the number of frequent termsets by changing the minimum
frequency employed. Regarding the closed termsets, even in this
small example, we can see that the number of closed termsets is
significantly smaller than the number of frequent termsets. In our
example, there are 20 frequent termsets and just 8 closed termsets,
and 2 maximal termsets.

A major advantage of using closed termsets instead of frequent
termsets is that they can be generated very efficiently, as proved
in [26]. So far, there is just an upper bound on the number of
frequent termsets, which is O(mQZ), where n is the number of
documents in the collection, r is the number of maximal frequent
termsets, and [ is the length of the largest frequent termset. In prac-
tice, since the query processing is driven by the query, the largest
frequent termset is bounded by the number of terms in the query.
Since the number of closed termsets is at most equal to the num-
ber of frequent termsets, we may also use this bound as an upper
limit of the number of closed termsets. As we show in Section 5, in
practice the number of closed termsets is significantly smaller than

Table1: Frequent, closed, and maximal termsetsfor thesample
document collection

Frequency (ds) Frequent Closed Maximal

Termsets | Termsets | Termsets

100% (6) c c

83% (5) e,ce ce

67% (4) a,ac,ae,ace ace

67% (4) cd cd

67% (4) b,bc bc

67% (4) d,cd cd

50% (3) ab,abc,abe ache abce
be,bce,abce

50% (3) de,cde cde cde

the number of frequent termsets. For our example, the upper bound
of the number of frequent termsets is Onr2! = 6 x 2 x 2* = 96.
However, its total number was 20, which is significantly smaller
than its upper bound. Regarding the closed termsets, we can see
that its number, 8, is smaller than the number of frequent termsets.

3.2 Algorithm Description

Determining closed termsets is a problem very similar to min-
ing association rules and the algorithms employed for the latter are
our starting point [1]. Our approach is based on an efficient algo-
rithm for association rule mining, called CHARM [26], which has
been adapted to handle terms and documents instead of items and
transactions, respectively.

The algorithm for generating termsets is basically an incremental
enumeration algorithm that employs a very powerful pruning strat-
egy. More specifically, we start by verifying whether the frequency
of 1-termsets is above a given threshold. This approach is based
on the fact that, if a term is not frequent, none of the higher-order
termsets that include it will be. These frequent 1-termsets will also
be defined as closed. We then start grouping frequent termsets and
verifying two criteria that are used to determine whether these new
termsets are closed or not.

We determine n + 1 termsets from n termsets, as follows. The
process starts by determining all pairs of termsets (s;,s;), 1 <
i,7 < 2%, that have the same first n — 1 terms. A new termset is
determined by the union of these sets (s; U s;), creating an n + 1
termset sneq.. The list of documents where s,.., appears can be
easily determined by intersecting the lists of the two concatenated
sets (lnew = li N 1;). After this, the first criterion that verifies
whether the new termset is frequent, and was introduced by the
original Apriori algorithm [2], is employed. An n-termset may be
frequent only if all of its n — 1-termsets are also frequent. For
instance, we may enumerate the 4-termset ({a b c e}) based on the
termsets {a b c} and {a b e} and we apply the frequency criterion
by verifying whether the other 3-termsets of the new termset (in
this case {a b e} and {b c e}) are also frequent. Next, the inverted
list associated with the new termset is generated and it is verified
whether its length is above threshold.

The second criterion checks whether a frequent termset f being
verified is closed. A termset f is defined as closed if there is no
closed termset that is also a closure of f. In this case, all current
closed termsets are tested for having f as its closure, being dis-
carded if such condition holds. Otherwise, f is discarded, since its
closure is already determined. In our sample collection, for exam-
ple, the 1-termset {a} is initially defined as closed. However, when
we combine the 1-termsets {a} and {c} into {a c}, we discard {a},



since they occur in the same set of documents. The same happens
when we enumerate {a ¢ e} and find out that {a c} and {a c e}
occur in the same documents, allowing us to discard {a c}.

In the next section we describe how we use closed termsets for
retrieving documents efficiently.

4. SET-BASED MODEL

In our set-based model, a document is described by a set of
closed termsets, extracted from the document itself. With each
closed termset we associate a pair of weights representing (a) its
importance in each document and (b) its importance in the whole
document collection. In a similar way, a query is described by a
set of closed termsets with a weight representing the importance of
each closed termset in the query.

The algebraic representation of the set of closed termsets for both
documents and queries correspond to vectors in a 2¢-dimensional
Euclidean space, where ¢ is equal to the number of unique index
terms in the document collection. However, in practice, we use an
efficient algorithm to obtain closed termsets which is based on as-
sociation rules theory, thus reducing the number of closed termsets
to a number that is linear on the number of documents in the col-
lection (see Section 3 and Section 5.2).

4.1 Termset Weights

A successful ranking algorithm based on index terms weighting
has to take into account the following three criteria. First, it has to
consider the number of times that an index term occurs in a doc-
ument. Second, emphasis must be given to scarce terms, and this
can be accomplished by reducing term weights for terms that ap-
pear in many documents. Third, long documents with many terms
will naturally be favored by the ranking process because they are
likely to contain more of any given list of query terms, and usually
a normalization factor is introduced to discount the contribution of
long documents.

Term weights can be calculated in many different ways [19, 25,
16]. For the first two problems pointed out above, the best known
term weighting schemes use weights that are function of (i) ¢ f;;,
the number of times that an index term ¢ occurs in a document j
and (ii) df;, the number of documents that an index term ¢ occurs
in the whole document collection. Such term-weighting strategy is
called tf x idf schemes. The expression for idf; represents the
importance of term i in the collection, it assigns a high weight to
terms which are encountered in a small number of documents in
the collection, supposing that rare terms have high discriminating
value.

In the set-based model, the association rules scheme naturally
provides for quantification of representative patterns of term co-
occurrences, something that is not present in the ¢ f x idf approach.
To determine the weights associated with the closed termsets in a
document or in a query, we also use the number of occurrences
of a closed termset in a document, in a query, and in the whole
collection. Formally, the weight of a closed termset ¢ in a document
j is defined as:

Wi,5 = Sfi’j X 1ds; = Sfi,j X log (1)
dSi

where N is the number of documents in the collection, sf; ; is
the number of occurrences of the closed termset ¢ in document j
(obtained from the index), and ids; is the inverted frequency of
occurrence of the closed termset in the collection. sf; ; generalizes
tfi,; in the sense that it counts the number of times that the closed
termset s; appears in document ;. The component ids; also carries

the same semantics of idf;, but accounting for the cardinality of
the closed termsets as follows. High-order closed termsets usually
have low frequency, resulting in large inverted frequencies. Thus,
this strategy assigns large weights to closed termsets that appear in
small number of documents, that is, rare closed termsets result in
greater weights.

4.2 Similarity Calculation

Since documents and queries are represented as vectors, we as-
sign a similarity measure to every document containing any of the
query closed termsets, defined as the normalized scalar product be-
tween the set of document vectors d}, 1 < j < N, and the query
vector ¢. The similarity between a document d; and a query g is
defined as:

_;- oq Zsecq Ws,j X Ws,q
|

= )
X |q] \/25:1 wfyj X \/E§:1 wf’q

where ws_; is the weight associated with the closed termset s in
document d;, ws,q is the weight associated with the closed termset
s inquery g, Cy is the set of all closed termsets such thatall s C g,
wy,; 1S the weight of term ¢ in document d;, and w; 4 is the weight
of term ¢ in query ¢. We observe that the normalization (i.e., the fac-
tors in the denominator) is done using the terms (instead of closed
termsets) that compose the query and document vectors. This is
important to reduce computational costs because computing the
norm of a document d using closed termsets might be prohibitively
costly. It solves the third problem pointed out in Section 4.1 be-
cause it accomplishes the effect of penalizing large documents, the
major objective of normalization by document norms. Further, it
allows efficient computation. Our experimental results corroborate
the validity of adopting this alternative form of normalization.

sim(q,d;) =

d
|d;

4.3 Query Mechanisms

In this section we describe a simple algorithm for implementing
a search mechanism based on the set-based model and the indexing
information.

For large document collections, the cost to evaluate the similarity
measure is potentially high, requiring the reading and processing of
whole inverted lists for each query closed termset. This task may
have a high cost since some query terms might occur in a large
number of documents in the collection. One of the most effective
techniques to compute an approximation of the similarity measure
without modifying the final ranking is presented in [12]. It uses
thresholds for early recognition of which documents are likely to
be highly ranked to reduce costs. In the set-based model we employ
a variant of this pruning scheme adapted to handle closed termsets
instead of terms.

The steps performed by the set-based model to the calculation
of the similarity metrics are equivalent to the standard vector space
model. First we create the data structures that are used for calcu-
lating the document similarities among all closed termsets s; of a
document d. Then, for each query term, we retrieve its inverted list,
and determine the first frequent termsets, i.e., the frequent termsets
of size equal to 1, applying the minimal frequency threshold. The
next step is the enumeration of all closed termsets based on the 1-
termsets, as presented in Section 3.2. After enumerating all closed
termsets, we employ the pruning scheme presented by Persin [12]
to the evaluation of its inverted lists, allowing to discard closed
termsets that will not influence the final ranking very early. After
evaluating the closed termsets, we normalize the document similar-
ities by dividing each document similarity by the respective docu-



ment’s norm. The final step is to select the & largest similarities and
return the corresponding documents.

5. EXPERIMENTAL RESULTS

In this section we describe the experimental results for the eval-
uation of the set-based model (SBM) in terms of both effective-
ness and computational efficiency. Our evaluation is based on a
comparison to the standard vector space model (VSM) and to the
generalized vector-space model (GVSM). We first present the ex-
perimental framework and the reference collections employed, and
then discuss the retrieval performance and the computational effi-
ciency of each model.

In our evaluation we use three reference collections, CFC [20],
TReC-3 [8] and WSJ, respectively. The WSJ collection is a sub-
collection of TReC-3, and is used in our experiments because the
full TReC-3 collection is too large for running the generalized vec-
tor space model. Table 2 presents the main features of these collec-
tions, which comprise not only the documents, but also a set of ex-
ample queries and the relevant responses for each query, as selected
by experts. We quantify the retrieval effectiveness of the various
approaches through standard measures of average recall and preci-
sion. The computational efficiency is evaluated through the query
response time, that is, the processing time to select and rank the
documents for each query.

Table 2: Characteristics of the reference collections

. Collection

Characteristics
CFC WSJ TReC-3

Number of Documents 1,240 | 173,252 | 1,078,166
Number of Distinct Terms 2,105 | 230,902 | 1,016,709
Number of Queries 100 300 300
Average Terms per Query 3.82 18.88 22.43
Average Relevants per Query | 29.04 | 235.99 | 286.89
Size (MB) 1.9 509 3,225

The experiments were performed on a Linux-based PC with a
Intel Pentium 111 1.0 GHz processor and 1.5 GBytes RAM. Next
we present the results obtained for the three collections, which are
characterized in Table 2.

5.1 Retrieval Performance

We start our evaluation by verifying the precision-recall curves
for each model when applied to each of the three collections. Each
curve quantifies the precision as a function of the percentage of
documents retrieved (recall). The GVSM could not be evaluated for
the TReC-3 collection, because of the cost of the min-term building
phase, which is exponential in the size of the vocabulary, making
the computational cost of the associated experiments not feasible.
The results presented for SBM are the best for a range of minimal
frequencies from 1 to 30 documents (see Figure 5).

As we can see in Figures 2, 3, and 4, SBM yields better preci-
sion than both VSM and GVSM, regardless of the collection and
of the recall level. Further, the gains increase with the size of the
collection, because large collections allow computing a more rep-
resentative set of closed termsets.

We confirm such observations by verifying the overall average
precision achieved for each model in each collection, which is pre-
sented in Table 3. We also present, in the same table, the gains pro-
vided by SBM over the other two models in terms of overall preci-
sion. The gains ranged from 8.54% to 36.86%, increasing with the
size of the collection and being consistently greater for the SBM.
We should note that SBM provides significant gains over GVSM,
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although both exploit term co-occurrences. We believe that SBM
outperforms GVSM because it considers just some interesting co-
occurrence patterns that are uncovered by the closed termsets.

The set-based model provides even greater gains when we ver-
ify the average precision for the top 10 documents retrieved. This
metric estimates the user “satisfaction” while using search engines,
for instance. The results are presented in Table 4. We can see that
the gains range from 15.62 to 56.80% and the highest gain is as-
sociated to the largest collection (TReC-3), showing that the SBM
is specially powerful for handling large amounts of information.
Again, although the gains over the GVSM are smaller, they are still
very significative, showing that SBM not only improves the overall
precision, but also ranks more relevant documents at the top.



Table 3: Average precision curves and gain provided by the
SBM model

] Average Precision (%) SBM Gain(%)
Collection
Vv GVM BM VSV GVV
CFC 22.42 24.47 26.56 18.47 8.54
WSJ 31.76 34.27 41.78 31.55 21.91
TReC-3 32.58 * 44.59 36.86 *

* The GVSM could not be evaluated for the TReC-3 collection due
to the exponential cost of the min-term build phase

Table 4: Average precision curves for top 10 documents and
gains provided by the SBM model

. Average Precision at 10 (%) SBM Gain(%)
Collection
VSV GVM SBM VSV GVaV
CFC 10.97 12.93 16.02 46.03 23.90
WSJ 12.71 16.58 19.17 50.82 15.62
TReC-3 13.66 * 21.42 56.80 *

* The GVSM could not be evaluated for the TReC-3 collection due
to the exponential cost of the min-term build phase

One of the key features of the set-based model is the possibility
of controlling the minimal frequency threshold of a termset. It is
interesting to note that the variation of the minimal frequency al-
lows us to exploit the trade-off between precision and the number
of termsets taken into consideration. We verified how variations
in the minimal frequency threshold employed affect the precision
achieved for the TReC-3 collection. We performed a set of SBM
executions where the minimal frequency threshold is fixed for all
queries and varies from 1 to 30 documents. The results are illus-
trated in Figure 5 and we show that the SBM precision is signifi-
cantly affected by the minimal frequency employed. Initially, an in-
crease in the minimal frequency results in better precision, achiev-
ing a maximum precision for minimal frequencies between 8 and
10 documents. When we increase the minimal frequency beyond
10, we observe that the precision decreases until it reaches almost
0. This behavior can be explained as follows. First, an increase in
the minimal frequency causes irrelevant termsets to be discarded,
resulting in a better precision. When the frequency gets above 10,
then relevant termsets start to be discarded, leading to a reduction
in terms of precision.

In summary, our set-based model (SBM) is the first information
retrieval model that exploits term correlations effectively and pro-
vides significant gains in terms of precision, regardless of the size
of the collection and of the size of the vocabulary. In the next sec-
tion we discuss the computational costs associated with SBM.

5.2 Computational Efficiency

In this section we compare our model to the standard vector
space model and the generalized vector space model regarding the
query response time, in order to evaluate its feasibility in terms of
computational costs. This is important because one major limita-
tion of existing models that account for term correlations is their
computational cost. Several of these models cannot be applied to
large or even mid-size collections since their costs increase expo-
nentially with the vocabulary size.

We start our evaluation by verifying the theoretical upper bounds
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Figure 5: Impact of varying minimal frequency threshold on
average precision for TReC-3

on the number of operations performed by VSM and SBM. The
complexity of both models is linear with respect to the number
of documents in the collection. Formally, the upper bound on the
number of operations performed for satisfying a query in the vector
space model is O(|q| x IN), where |g| is the number of terms in the
query and N is the number of documents in the collection. The
worst case scenario for the vector space model is a query compris-
ing the whole vocabulary ¢ (|¢| = t), which results in a merge of all
inverted lists in the collection. As discussed in Section 3, the com-
plexity of the set-based model is O(r2' N), where r is the number
of maximal termsets and [ is the largest termset associated with the
collection for a given minimal frequency.

The comparison between ¢ and 2 allows quantifying the worst
case cost increase of the SBM model, but the latter is dependent
on the document collection and minimal frequency employed. We
calculated » and [ for each collection employing a 90% confidence
interval and they are presented in Table 5. For the SBM model,
the upper bound is 29.84 x 2'213 x number — of — documents
operations.

Table 5: Number of maximal termsets and largest frequent
termset

Collection r |

CFC 3.38 £ 0.27 3.28 + 0.56
WSJ 19.01 +£1.15 | 11.89 +1.88
TReC-3 29.84 £1.99 | 12.13 +2.39

In fact, for SBM, we use the number of closed termsets, whose
worst case is 2!, We determined the average number of closed
termsets and the average list sizes while using SBM and the re-
sults show that the average case scenario is much better than the
worst case just presented, as we can see in Table 6. Considering
the TReC-3 collection, the average number of closed termsets is
4,081.25, giving an average upper bound of 4,081.25 x 162.06
operations for the SBM model, where the number 162.06 is the
average size of the inverted lists. The number 4,081.25 of closed
termsets is approximately 2!, where [ = 12.13 from Table 5, Con-
sidering the TReC-3 collection, the average number of terms per
query is 22.43, resulting in an average upper bound of 22.43 x
162.06 operations for the VSM maodel.

To validate our analysis, we compared the response time for the
models and collections considered, which are summarized in Ta-
ble 7. We also calculated the increase of the response time of
GVSM and SBM when compared to VSM. We observe that SBM



Table 6: Average number of closed termsets and inverted list
size

Collection | Closed Termsets | Inverted List Size
CFC 3.14 7.22
WSJ 3,217.28 140.10
TReC-3 4,081.25 162.06

results in a response time increase from 8.7 to 80.1% for the ref-
erence collections evaluated when compared to VSM. The results
confirm the complexity analysis performed, indicating that the time
for processing the lists dominates the processing costs for both
VSM and SBM, and the SBM is comparable to VSM in terms of
computational costs. As expected, the increase for GVSM is much
greater, ranging from 243.5% to 469.9%.

Table 7: Average responsetime and response time increase

Collection Aver age Response Time () Increase(%)
Vv GVSM BM GVV BM
CFC 0.0023 0.0056 0.0025 2435 8.7
WSJ 0.4286 2.0143 0.6296 469.9 46.9
TReC-3 1.2732 * 2.2930 * 80.1

* The GVSM could not be evaluated for the TReC-3 collection due
to the exponential cost of the min-term build phase

We identify two main reasons for the relatively small increase
in execution time for SBM. First, there is a small number of query
related termsets in the reference collections. As a consequence, the
inverted lists associated tend to be small (as presented in Table 6)
and are usually manipulated in main memory in our implementa-
tion of SBM. Second, we employ pruning techniques that discard
irrelevant termsets early in the computation, as described in Sec-
tion 4.2.

As mentioned, we may control the number of closed termsets,
and thus the query processing time, by varying the minimal fre-
quency threshold. We varied the minimal frequency used in SBM
and measured the response time. Figure 6 shows the response time
as a function of the minimal frequency employed, where we see
that the increase in the minimal frequency causes significant reduc-
tions on the response time, at a possible penalty in average preci-
sion curves.
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Figure 6: Impact of minimal frequency on response time for
TReC-3

6. CONCLUSIONS

We presented a new approach to compute term weights, which is
based on the theory of association rules. We showed that it is pos-
sible to significantly improve retrieval effectiveness, while keep-
ing extra computational costs small. The computation of frequent
termsets enumerated by an algorithm to generate association rules
lead to a direct extension of the vector space model. The formal
framework we adopted allowed naturally considering relevant pat-
terns of term co-occurrence, with minimal changes to the standard
vector space model formulation.

We evaluated and validated our proposed extension for the vec-
tor space model using three test collections. We showed through
curves of recall versus precision that the new model presents re-
sults that are superior for all the collections considered and that the
additional computational costs are acceptable. In fact, the compu-
tational costs measured allow the use of our set-based model with
general large document collections.

Recent experimentation [10, 7] indicates that measurements in-
volving the distance between term occurrences may provide good
relevance assessments. For future work we will extend the set-
based model to account for the proximity information about query
terms in documents. We will also investigate the behavior of our
model when applied to larger document collections and for collec-
tions formed by Web documents.
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