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Abstract

Relevance feedback, which modifies queries us-
ing judgements of the relevance of a few. highiv-
runked ductments, has historically been an impor-
tant method for increasing the performance of in-
Jormation retrieval systems. In this paper, we ex-
tend the inference network model introduced by
Turtle and Croft to include relevance feedbuck
techniques. The difference between relevance feed-
back on text abstracts and full text collections iy
studied. Preliminary results for relevance feed-
back on the structured queries supported by the in-
Serence net model are ulso reported.

1 Introduction

Relevance feedback methods in information retrieval attempt
to improve performance for a particular query by modifying
the query, based on the user’s reaction to the initiad retrieved
documents. Specifically, the user’s judgements ol the rele-
vance or non-relevance of some of the documents retreved
arc used to add new terms to the query and to reweight query
terms. IFor example, if all the documients, that the user judges
as relevant, contain a particular term, then that term may be
a good one o add to the original query [16]. Perhaps the
relative importance of that term should also be increased.
Given the apparent cffectiveness of relevance feedback
techniques [15, 5], it is important that any proposed model
of information retrieval includes these techniques. ‘The in-
ference net model recendy described by ‘Turtle and Crott
[19, 20] has been shown to be an effective and general bi-
sis for an information retrieval system. One of the purposes
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of this paper is to show how feedback technigues can be used
with this model. This includes both simple wechniques, as de-
scribed by Salton and Buckley [15), and techniques that ex-
ploit the ability of the inference net moded o represent struc-
ture in the query.

The other major topic addressed in this paper is the ef-
leet of tull text collections on relevance feedback techniques.
Virtually all of the previous relevance feedback experiments
have been done using collections of document abstracts. Full
text collections are becoming increasingly important, and
there is the possibility that the increased amount ol text in
the identified relevant documents will make the selection and
weighting of terms more difficult.

1.1 Prior Work

Work on relevance feedback methods in information retrieval
has a long history [16, 4]. Rocchio [13] describes an elegant
approach to relevance feedback in the vector space model.
I1e shows how the optimal vector space query can be derived
using vector addition and subtraction if the sets of relevant
and non-relevant documients are known. Of course the opti-
mal query cannot be derived, as the full sets of relevant and
non-relevant documents are not available. Relevance feed-
back judgments can, however, provide an approximation to
these sets that, empirically, does improve performance. New
terms are added (0 query by adding terms found in the rele-
vant documents. The importance of query terms is adjusted
by adding and subtracting corresponding weights tound in
relevant and non-relevant documents.

In arecent paper, Sallon and Buckley [15] report the results
of a number of relevance leedback techniques on a variety of
document collections. In all but one collection, Salton and
Buckley tound average increases in precision, averaged over
tive collections, ranging from 60% to 90%.! For two col-
lections they found increases of 170%. Litle ditference in
performance was found between adding a subset of the terms
or adding all the terms [rom relevant documents.

Harmun {5] reported relevance feedback results using a
simple probabilistic model and a single document collection.
She looked at the eftect ot reweighting terms, various meth-
ods for sclecling terms 10 expand a query, and the number
of terms added to the query. Ior a varicty of term selection

"The evaluation of relevance feedback techniques is discussed
in section 3.3.



methods, she found increases in precision of between 65%
to 110%. ‘The method for selecting terms, and the number of
terms added, had a noticeable etfect on performance. When
adding terms, the performance of the most effective selec-
tion techniques peaked after adding approximately 20 to 40
lerms.

1.2 Hypotheses Tested
In this paper, we extend the previous rescarch on relevance
feedback by testing the following six hypotheses:

1. Relevance feedback is eftective in the inference net-
work framework. This involves showing that basic
techniques can be successfully implemented in a system
based on the inference net model.

2. Changing the relative importance of terms is cffective
for relevance feedback. This hypothesis, which has
been thoroughly examined with collections of document
abstracts, should be tested in a tull text environment.

3. Adding new terms to a query is eftective for relevance
feedback. This is another “known" result that needs test-
ing in a full text environment.

4. Dilferent methods for reweighting and sclecting terms
will have different effectiveness. Combinations of dif-
ferent techniques are also studicd.

5. ‘T'he relative contribution of original query terms and
added terms affects relevance feedback performance.
This was shown by Salton and Buckley using collec-
tions of abstracts.

6. Relevance feedback will be effective on queries that
contain structured operators such as phrases and prox-
imity.

In the next section, we discuss how relevance feedback
can be included in the inference net framework.  Scction 3
describes the experiments which are carried out using two
test collections. Section 4 reports the resuits, and Section 5
summarizces them.

2 Relevance Feedback and Inference
Networks

2.1 ‘The Inference Net Model

Turtle and Croft {18, 19] introduced the inference network
model of reasoning under uncertainty [7] to information re-
tricval. Like simpler probabilistic retricval models, this is a
probability-based method that follows the probability rank-
ing principle [11]. Tlowever, rather than ranking documents
by their calculated probability that the document is relevant,
(given the sclected document and query), it ranks them based
on the probability that a document satistics the user’s infor-
mation need. "This diflers from other probability-basced meth-
ods, in that the information need may be based on complex
interactions between virious sources of evidence and difler-
ent representations ol the user’s need. ‘The user's query is
a primary contributor (o structuring that representation, but
other information, such as thesaurus information, can also be
added.

The details of the inference net model have been discussed
in previous papers and here we confine ourselves to a brief
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Figure 1: A generic inference network quer.

overview in order to present the approach to relevance feed-
back.

The inference network used for the simple model of infor-
mation retrieval is shown in Figure 1. ‘There are tour kinds
of nodes in this network. The «; nodes represent particu-
lar documents and correspond to the event of observing that
document. The 7; nodes are concept representation naodes.
These correspond to the concepts that describe the contents
of &4 document. ‘The ¢ nodes are guery nodes. ‘They corre-
spond to the concepts used to represent the information need
of the user. The single leal node 7 corresponds to the (un-
known) information need.

The ; nodes are roots of the network. To evaluite a pur-
ticular document, the single corresponding «; node is instan-
tated and the resulting probabilities are propagated through
the network to derive a probability associated with the 7 node.
"lo generate a ranking for alt documents in the collection, this
occurs for cach of the d; nodes in the network. Each 4; node
is instantiated only once and no other «; nodes are active at
the same time. In other words each document is evaluated
seperately, not as part of a set of more than one relevant doce-
ument.

The probabilities associated with child nodes are based on
the probabilitics of their parents and on a “link matrix™ [19]
that specifics how (o combine the evidence from the parents.
‘The “link matrices™ between the ; nodes and the r; nodes
represent the evidence for the proposition that this concept
occurs in this document. The link matrices between the r;
nodes and the g1 nodes specify how the representation con-
cepts are combined to form the tinid probability. The d; and
r; nodes are static for a given collection and are constructed
independently of any particular query. The ¢ and 7/ portions
of the network are constructed individually for cach query.

Figure 2 shows a simple network tor a query that requests



Figure 2: An inference network for the query (and (and infor-
mation retrieval) (not files)).

documents conceming information retrieval but nof concern-
ing files. ‘The portion above the horizontal dividing line can
be constructed before any query is asked. The section below
is the expression of the user’s information need and has been
created specifically for this request.

2.2 Relevance Feedback

In the vector space model, the basic relevance feedback strat-
egy {13] for producing a new query, given an old query and
relevance judgements, is as follows:
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where the summation is taken over the known relevant and
nonrelevant documents, and the /); represent document vec-
tors. In the vector space model, then, relevance feedback
involves changing weights associated with query terms and
adding new terms to the original query.

In the probabilistic model described by Robertson and
Sparck-Jones [12] and Van Rijsbergen [21), relevance feed-
back is described in different terms. In this model, documents
are ranked using a (generally) linear discriminant function in
which each term corresponds (o a representation concept in
the collcction. Typically, only the representation concepts
found in the query have non-zero values and the coefficients
of these terms are estimated using some model-specific func-
tion. A representative function is

i 1 —qi
g(d) = Z (log I ,—)p' +log q.{l ) )
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where p; is the probability that term ¢ occurs in a relevant

document and ¢; is the probability that term i occurs in a
non-relevant document. ‘the second term in the summation is
typically estimated using each term’s idf, and the first term is
hased on the characteristics of the set of known relevant doc-
uments. This term is initially estimated using a fixed value
(e.g., pi =0.5) or a value based on the [requency of the lerm
in the query.

In relevance feedback, we are given a sample of docu-
ments that have been judged relevant, and we re-cestimate
our linear discriminant [unction based on this sample. This
involves computing a new sct of p; valucs for equation 2,
based on the relevant sample and adding the top n relevant
document terms (according to some measure) to the original
query terms. Addition of new terms {from the relevant docu-
ments was not done in early experiments with the probabilis-
tic model, although it has been investigated subsequently.
The probabilistic model does, in fact, indicate that the ad-
dition of these terms, up to a point, should improve perfor-
mance.

Although the inference net model is a probabilistic model,
there are differences from earlier models {18]. In particular,
because this model does not usc Bayesian inversion, there are
no probabilities that correspond directly to p; and ¢;. This
means that feedback in the inlerence net model is not the
same as in the model described by Robertson and Sparck-
Jones. There are two basic ways in which teedback can be in-
corporated in an inference network model: adding evidence
or altering the dependencics represented in the network. The
two approaches are fundamentally ditferent.  Adding cvi-
dence always leaves the probability distribution represented
in the network unchanged, but alters beliefs in the network to
be consistent with that distribution. Altering the dependen-
cies, either by changing the topology of the network or by
altering the link matrices, changes the underlying probability
distribution which, in turn, alters beliet. The use of evidence
is appropriate when we know that the distribution is “correct™
@if, for example, the topology is known and the link matrices
have been leamed (rom a reliable sample). Evidential (eed-
back is appropriate in the document network which is largely
determined by the characteristics of the collection. Frisse and
Cousins [3] usc this approach to implement feedback in a hi-
crarchy of index terms associated with a hypertext medical
handbook.

Altering dependencies is appropriate when the initial net-
work is known to be an approximation to the correct distri-
bution and we obtiin better information about the nature of
the true distribution. This is the approach we use o change
the query network in response to user relevance judgements.

In the network model, queries are represented by links be-
tween query nodes and the information need node, and query
term weights are represented using the “weighted sum” form
of the link matrix at the information need node [18]. This op-
erator tiakes as input the probabilities from the parent nodes
and a vector of weights that describes how much cach parent
should contribute to the final probability. The computation
of this operator is easily interpreted — it computes the belief
in this node as the weighted average of the beliefs in the par-
ents. The weights used can be any weights that indicate the

relative importance of diflerent parents.

The basic relevance feedback strategy of adding terms to



the query and recalculating weights is implemented in the
inference net by adding links between the information need
node and the query concepts to be added, and re-estimating
the link matrix weights based on the sumple of relevant doc-
uments rather than on the query text. The fact that we arc
explicitly modifying the query, means that the inference net
model can accurately simulate the vector space approach to
feedback. However, since this is a probabilistic model, it
should be possible to say what probabilities are being re-
estimated during feedback instead of talking about changing
weights. In the link matrix for the weighted sum operator,
which is used for relevance feedback, the weight associated
with a query term is used to estimate the probability that an
information need is satisfied given that a document is repre-
sented by that term. Simple relevance feedback in the infer-
cnce net model, then, involves re-cstimation of that probabil-
ity instead of the p; probability in earlier models.

In summary relevance feedback using the inference net-
work model adds new terms as parents of a query node us-
ing a weighted sum link matrix, and re-estimates the relative
weights of the parents’ contributions to that weighted sum.,

2.3 Feedback with Structured Queries

A number of models have been proposed for using relevance
feedback with Boolean retrieval systems [14, 17, 10, 9]
While some of these models have been shown 0 signifi-
cantly improve performance when compared to conventional
Boolean retrieval, they are not attractive in the context of the
network model. These models generally adapt probabilistic
relevance feedback techniques to estimate weights for terms
in very restricted Boolean query forms (¢.g., disjunctive nor-
mal form with no negation and and terms containing at most
three representation concepts). Since these models do not
mike use of any linguistic or domain knowledge, it is un-
likely that they will atford performance gains that cannot be
achieved with normal probabilistic relevance feedback.

The development of an effective refevance feedback mech-
anism for Boolean and structured querics (2] is a potentially
important area for further rescarch. LEncoding feedback in-
formation in a structured query could improve pertormance
more than in a simple query since it is possible to encode in-
formation in the structured query that can not be represented
in a simple vector of terms.

A number of techniques for feedback with structured
queries are possible. In this paper, we report preliminary ex-
periments that focus on queries that incorporate phrase struc-
ture identified in the queries.

3 Experiments

Experiments were carried out with two different document
collections. The CACM collection is a standard collection of
3,204 documents with text from the title and (sometimes) ab-
stract. It contains less than 2 megabytes of text. We used two
query sets. ‘The first was a 50 query subset of the standard
natural language queries that we have used in many previ-
ous experiments. ‘The second set, which was used for testing
feedback with structured querics, augmented these 50 queries
by adding manually selected phrases [2].

‘The WEST collection consists of 11,953 tull text legal doc-
uments. It contains approximately 250 megabytes of text.

The documents contain an average of approximately 3,250
words and 530 unique terms. We used a set of 34 natural lan-
guage queries provided with the WEST collection as the stan-
dard query set. ‘The queries contain an average of 9.4 unique
terms. Relevance judgements were obtained by expert judge-
ment of the highly-ranked documents. The structured gueries
tfor the WEST collection were created by recognizing phrases
from a legal dictionary.

The tollowing sections discuss the two groups of relevance
feedback experiments. The major group is made up of the
the experiments that use the word-based queries. The second
group is made up of the preliminary experiments with the
structured queries.

3.1 Word-Based Queries
In order to test the hypotheses mentioned in section 1.2, We
examined the following independent variables:

. The collection.

. Methods for sclecting new terms.

. Relative weighting of query terms and new terms.
. Number of terms added.

The number of variables led to a very large number of ex-
periments. Summaries of the results are presented in this pa-
per.

3.1.1 Term Selection Methods

A variety of methods were used for selecting terms to add
to the query. Each of the methods described below is de-
signed to provide a numeric value for each term. ‘The terms
were then sorted by this number and the top n of them were
added 10 the query. It tied scores required adding more than
n erms 10 the query, the tied terms were not added.

1. EMIM: This is the expected mutual information be-

tween term occurrence in a document and the judgment
of the document as relevant [6],[21, pg 123).
The formula for the calculation is

Pi;
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3. Methods for reweighting terms.
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P; ; is the probability that a judged document has both
characteristics £ and j. 7 is the probubility that a judged
document has the value of characteristic { collapsing
over the value of the other variable.

We let /; stand for the event that term £ oceurs in a par-
ticular document and /. stand for the event that the term
does not oceur in a particular document.  Similarly, let
R and R stand for the event that a particular document
is, or is, not relevant. In this application, the calculation
looks at each combination of the term occurring (or not
occurring) in a relevant (or non-relevant) document. [t
computes & measure ol the predictiveness of the term
occurrence for relevance. This measure is equivalent
the information gain measure used in the ID3 leamning
algorithm (8] to select nodes in a decision tree. [ow-
ever, the classification algorithm that is used is quite dif-
ferent.
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PMIM: This computes the EMIM score for just the state
where the term is present and the document is relevant.
Specifically, it computes:

PR
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3. P.d: This is the probability that the document will be
correctly classified as relevant (or not) depending on the
occurrence (or absence) of the term £y, it is computed

as:
(Pei.r) (Pﬁ.ﬁ) (1 - Pﬁ,n) (l - P..‘.ﬁ)

T H ined - collection size
4. df: 1L is defined as log ( pmsletisnsize ) 1 we

define 7%, to be the probability that a randomly sc-
lected document contains the term /g, then idt is also
—log /. ‘tuking the antilog of the log factor gives us
a {unction monotonic with idf: (—1)(Pe, ). ‘The —1I fac-
tor serves to invert the role of minimization and maxi-
mization. Selecting the terms with high values from this
measure will sclect terms will low probabilities of ap-
pearing in a mndomly-selected document. 1df selection
tavors terms that are unlikely to appear in a document
by chance.

S. rdfidf: This is product of a term’s idf and the number
of relevant and judged documents in which it appears.
Since idf is monotonic with (- 1)( 1%, ) multiplying this
by df and wking the antilog of df - log P, gives us
(-1 (P“'U). Again the —1 serves to interchange the
the roles of maximization and minimization.

Since P, is the probability that one could select asingle
document and have the term £ appear in it PY is the
probability that one could select dt’ documents [rom the
collection randomly and have this term appear in all of
them. In other words, selecting the terms with the high-

- est rdfidt score is the same as selecting the terms with
the lowest probability of appearing by chance in the set
of relevant documents.

6. nf: "This is simply the frequency of the term in the doc-
uments judged relevant by the user.

7. nfidt: "This is the frequency of the term in the documents
judged relevant by the user multiplied by the idf of the
term. ‘The idf factor provides a correction for the possi-
bility that a term will occur in a document by chance.

3.12 ‘Term Weighting Methods

The last two sclection methods also make plausible term
weighting methods and are the two methods explored. ‘They
arc plausible as we expect terms that are related to relevance
to occur often in relevant documents.

3.1.3 Relative Weighting of Query Terms and Added
Terms
It is possible that terms from different sources should
not be given the same weight.  Salton and Buckley [15]
found that during relevance feedback a 75%-25% weight-
ing split between terms from relevant documents and erms

from non-relevant documents was better than equal weight-
ing. This does not precisely correspond with our experi-
mental setup as we do not consider non-relevant documents.
However, it suggests that relative weighting may be an im-
portant variable. Therefore, we examined a number of differ-
ent weighting distributions from equal weighting of original
query terms and added terms to weighting that was 90% orig-
inal terms and 10% added terms. In vector space retrieval this
variation would be accomplished by setting v 10 0 and vary-
ing 2 in cquation 1.

3.1.4 Number of Terms Added

If (erm scelection is important, then the number of terms
added to a query must also be important. Harman [5] found
that adding between 20 and 40 terms led to peak performance.
Adding either fewer or more terms decreased performance.
We therefore examined adding various numbers of terms to
the query. For CACM, we examined adding between O and
150 new terms. Because of the greater cost of running WEST
experiments, we considered only adding 0 to 100 terms.,

3.2 Structured Queries

Additional experiments were run (o determine the effective-
ness of relevance feedback for structured queries. Yor both
the WEST and CACM collections, the following three exper-
iments were tried:

1. Relevance feedback on queries containing phirase oper-

ators |2].

2. Relevance feedback with all plirase operators replaced

by proximity operators. With proximity operators, the
belief in phrasc concepts is based entirely on the pres-
ence of the words in proximity to each other.
Relevance feedback where the modified query con-
structed by relevance feedback deleted all the struc-
tured operators in the original query but kept the original
terms.
_ In these experiments, no new structured terms were added
by relevance feedback the structured terms served o
increase the baseline performance of the querics.  These
terms were reweighted through relevance teedback to see iff
reweighting of structured terms was effective. Forall of these
experiments additional single terms were added to the query
as in the single word experiments.

These were preliminary experiments designed o assess the
utility of current relevance feedback methods on structured
queries. They were run using a set of parameters found to be
eftective during the prior experiments.

w

3.3 Evaluation of Relevance IFeedback Experiments

The evaluation of relevance feedback performance must be
somewhat diffcrent than that used for a typical information
retricval experiment. Normally documents are ranked and
presented to the user only once. With relevance feedback,
the user has seen and judged some of the documents be-
fore the relevance feedback query is evaluated. When as-
sessing the effectiveness of relevance feedback, the ranks of
these judged documents are not relevant and may even be
misleading. They must be factored out of the cvaluation of
the effectiveness of relevance feedback. We do this by us-
ing the residual collection method [1]. Judged documents



Performance of Relevance Feedback with unstructured queries
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Figure 3: Typical performance of relevance feedbuck for the WEST and CACM collections using rtfidf term reweighting and
relative weighting fuctors of 65% for original query termns und 35% for new terms. Euach line represents a particular collection,

term selection combination.

are removed from the document rankings produced by both
the original query and the relevance feedback query. Recall-
precision values are then used to summarize performance.
These recall-precision values measure performance for only
thosc documents the user hasn’t seen. The percentage in-
crease (or decrease) can then be used to determine il the user
would have been beuer off continuing to use the rnking
given by the original query or the one produced by the rel-
evance feedback query. The disadvantage of this approach
is that the methods it compares must be based on identical
baselines.

While the residual collection method is commonly used
to report relevance feedback results, any direct comparison
with other published results must be made caretully, as there
are inevitable differences in coflections and in retrdeval and
indexing algorithms. Performance for each experiment is
measured by the average precision at 3 recall points: 0.25,
0.50, 0.75. Effectiveness of relevance feedback was mea-
sured by the percentage change tfrom the bascline condition
of continuing to use the original query. Any query which had
no remaining unjudged relevant documents after the initial
user judgement was dropped from the analysis. User judge-
ments were simulated by assuming the documents that ap-
peared in both the supplied list of relevant documents and
the top ranked 15 documents for this query were judged rel-
evant. Other documents appearing in the top 15 documents
were assumed to be non-relevant,

When comparing results across collections, these percent-
age increase ligures were inappropriate as there are differ-
ences in e basic level of performance for the two collec-

tons. To compensate, the percentage increase values re-
ported for individual collections were normalized to be a
percentage of the collection maximum increase when report-
ing combined data. The experiments can then be compared
across collections on the basis of their performance relative
to the best method for their own collection.

4 Results

4.1 Results for Simple Queries
Effect of number of terms added

Typical results for reweighting terms and adding new terms
10 a query are seen in Figure 3. This clearly shows the effec-
tiveness of both reweighting the original query terms (adding
0 terms) and of adding additional terms. For CACM, the cf-
fect is very clear. Adding lerms increases performance for all
selection methods. For WIEST, the increase depends on the
selection method. However, the best methods are turther im-
proved by adding terms. ‘The hypotheses that the relevance
feedback is etfective, and that reweighting and term addition
are both elfective, are supported.

Effects of other variables

Because of the number of experiments, examining each ex-
periment separately is infeasible. We summurize the results
ol adding terms by characterizing the performance for cach
condition by the maximum increase for any number of terms
added. ‘Tubles 1 and 2 show the maximum percent increase
over the baseline results for each collection individually. Ta-
ble 3 prescnts the percentage of maximum results collapsed



across collections for the ntf and nfidf weighting schemes.
The main conclusions are:

1. Term reweighting is effective tor both abstract and full
text collections, although the percentage increases are
much smaller with the full text WEST collection.

Adding additional terms is generally also etfective. For
the CACM collection, the number of terms added does
not seem to be critical. In the WLEST collection, adding
too many additional terms can actually decrease perfor-
mance.

3. The effect of the term weighting method depends on
the collection used. However, rttidf weighting produces
good results on both collections.

4. Performance is somewhat improved by weighting the
added terms less than the query terms.

With regard to the hypotheses put forward in section 1.2,
we see that the first three are supported. Relevance feedback
with the inference net is effective. It produces performance
increases under many combinations of variables, and these
increases can be as large as 118% on the CACM collection.
Both the term reweighting and the term addition methods
contribute to this increase. Given that the CACM baseline is
higher than that used in the Salton and Buckley experiments,
this is very good performance.

As suggested by the fourth hypothesis, the choice of se-
lection method has an effect. However, the overall pattemn
of differences is not consistent for the two collections and no
simple interpretation can be made.

The status of the fifth hypothesis is less than clear. The
extreme relative weighting of 90% for query terms and 10%
for added terms was poor, but the rest of the conditions were
fairly similar in performance. ‘The effect of this variable
varies by collection. Relative weighting has a larger effect
on the CACM collection than on the WEST collection.

The other overall observation we mike is that while rele-
vance feedback is effective, it appears to be much less effec-
tive on the full text collection than it is with the collection of
abstracts.

Based on the results in Table 3, a good overall teedback
method is rdfidf term selection with nfid{ term weighting
and a 65%/35% split between the query term and added term
weights. This combination provides 90.4% of the peak per-
formance for cach collection, with little variation between the
collections. This is not the maximum increase over all condi-
tions, but it provides rearly the performance of the peak com-
bination (91.3% for the PMIM term sclection method with
rttidt term weighting and 75%/25% relative contributions).
In addition, the rdfidf selection method does not require user
judgements of non-relevance. The user is only required to ac-
curately assess relevant documents rather than judge all the
documents in the top # documents presented.
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4.2 Structured Queries

The results for structured queries are presented graphically
in Figure 4. It is important to note that the structured queries
for cach collection have two different starting baselines. The
resulting percentage increase figures must therefore be com-
pared with caution. Of the three kinds of experiments run
for cach collection, two of the experiments start with same

initial queries that contin phrase operators. They theretore
have the same baseline. Tor the other experiment, the phrase
operators have been changed to proximity operators in the
initiad querics. However, the differences in the baselines be-
tween the phrase-based and proximity-based queries are not
large. FFor the CACM collection, the baseline retrieval preci-
sion is 35.3 tor the proximity-based queries and 38.5 for the
phrase-based querices. ‘The buascline for phrase-based queries
show an improvement of 9.1%. For the WES'T collection.
the corresponding precision values are 55.9 und 56.9. Phrase
queries are 1.7% better for WEST.

For CACM, without adding terms, we sce an increase of
about 5% over the baseline except when using proximity op-
erators. There we see an increase of 80%. After adding addi-
tional terms, the proximity condition eventually rises up to a
20% gain. The other conditions rise to about a 50% gain. For
the phrase-based queries there is little ditference in perfor-
mance between the queries that continuc 10 contain phrases
and those where the phrase operator is deleted.

For WEST, the increases are smaller.  Without adding
terms, the increases in performance are small (at most 5.5%).
When adding additional terms phrasc-based queries produce
a 11% incrcase in performance. When deleting the initial
structure the performance of simple reweighting of terms is
little changed over the baseline. The queries containing prox-
imity operators have increuses of approximately 20%%.

If we take a 10% improvement in performance as a cri-
terion, then in five of the six conditions relevance feedback
does produce improvements. The improvements are dra-
matic for the CACM collection. The improvements are much
smaller for the large, tull text, WEST collection.

Discussion of Structured Queries

Adding terms does increase the performance of structured
queres.  Simply reweighting the terms in the structured
query usually does not secem 0 increase pertormance a great
deal. One possible explanation for this decreased pertor-

-mance, relative o the word-based gueries. is that using ap-

propriate phrases increases the bascline performance a great
deal and this may may it dilticult to further increase pertor-
mance. [lowever, the continuing increase in performance,
when adding terms, makes this unlikely. A second explana-
tion may be that the appropriate methods tor selecting terms
or reweighting parts of structured terms are not the same
as those for singlc terms. The current implementation off
the phrase operator measures beliet in a phrase concept by
the presence ot single words as well as words in proximity.
‘Theretore, our current method of simply counting words in
proximity to calculate a new weight for these phrases is prob-
ably not appropriate. For the proximity-based queries, the
counting-based reweighting methods are more appropriate,
and are more successful.

Support for the sixth hypothesis is in scction 1.2 is clear.
Relevance feedback can etfectively be done on structured
queries. However, the process is less eftective than for word-
based querics.

S General Discussion

As discussed in scction 4.1 and section 4.2, four of the six
hypotheses given at the start of the paper are supported. We



selection relative query term and added term weighting 3
method [ cqual | 6040 [ 65-35 | 70-30 [ 75-25 [ 80-20 | 85-15 T 90-10 | average

{ il weighting | !
rdfidt 82.9 35| 908 86.0 1 §3.1 8231 794 70.9 | 83.0 |
EMIM 34.9 91.8 0.5 | 9L.5 | 88.1 8237 779 63.8 | 84.5

[idf 4.4 95.0 08.7 4.1 88.5 81.8 1Y 67.6 | 87.0 |
PMIM 846 | 8.2 93.8] 96.0] 9.0 | 838 | 784 | 678 85.5 |
P4 781 8.3 | 841 846] 8.7 814 ] 765 | 714 80.8
il 763 | 820 833 [ 8.1 ] 8.0| 799 756 | 67.6 79.1
rilid[ 4.1 912 90.0] 862 847 | 80| 773 | 698 83.2
[average | 83.6 | 891 902 | 883 ] 862 | 81.9] 773 69.0] 833 |

rtfidf weighting

rdfidl 973 [ 1029 [ 106.7 [ 109.1 [ 110.1 [ 108.0 | 108.8 | 92.5 104.4
EMIM 106.7 | 110.7 [ 109.1 | 1133 | 116.6 | 1125 | 109.2 | 91.5 108.7
idl 102.0 | 107.9 | 110.0 | 110.3 | 110.6 | 106.9 | 105.6 | 90.6 105.5
PMIM 100.3 ] 106.7 | 1096 | 1105 | 1179 | 1182 | 1089 | Y13 107.9
P4 0671 9931 1057 | 107.8 | 109.0 | 106.8 | 107.5 | 90.3 102.9
rf 0490 | 101.0 | 1045 [ 106.1 | 107.7 | 106.9 | 107.7 | 90.6 102.4
rifidf 1008 | 106.2 [ 113.0 | 109.0 | 109.1 | 108.3 | 107.6 | 92.2 105.8

[average | 99.8 [ 105.0 | 1084 [ 1094 [ 111.6 | 1097 [ 1079 | 91.3 | 1054 |

Table 1: Average increase in performance for the relevance feedback modified query over the continuation of the original query
for the CACM collection using two weighting methods and seven term selection methods.

selection relative query term and added term weighting {
method [ equal T 60-40 [ 65-35 T 70-30 T 75-25 ] 80-20 | 85-15 | 90-10 | average |
rif weighting ‘3
rdfidt 40.1 382 | 37.1 30 186161 156.1 36:2 | "34:9 | 37.0 1
EMIM 308 374 368 | 382 | 404 | 4007 364 | 347 | 38.0
idf 3234 [ 3220 23220 3127 31 31.1 31.1 27 31.1
PMIM 399 38.7] 382] 380] 382] 398 360 355| 38.0 |
P4 402 | 386 | 37.81 39.1| 40.0 ] 39.1 36.0 ] 356 | 38.3
il 294 304 | 31.7] 306 30.5| 305]| 30.1 30.9 30.5
rfidl 2700 27:07) 22700 2700200 227.57) 7294 318 28.0
Laverage [ 355 1 346 344 3447 3487 349 336 329 344
I rfidl weighting |
rdfid! 362,366 | 36600 352 L3550 34451035 luh 36,2 33.8 |
1:MIM 3Ll 3240 328 | 327 ] 33.1 329 | 324 | 316 32.4 )
idf 272276 1| w27 264 252 | 25 248 1 248 | 26.0 |
PMIM 29.6 30.8 31.7 324 335 32.9 329 33341 324
P4 330 340 ]| 329 336| 338 [ 336 | 353 324 336
it 32.1 314 ] 300 | 305] 288 | 273 | 2066 27.6 29.3
riidf 245] 245 2451 245 245] 245| H5] 274 24.9

average | 305 | 31.0] 30871 3087 3071 3007 302] 30.5] 306

Table 2: Average increase in performance for the relevance feedback modified query over the continuation of the original query
Jorthe WEST collection using two weighting methods and seven term selection methods.



selection relative query term and added term weighting
method | equal [ 60-40 | 65-35 1 70-30 [ 75-25 | 80-20 | 85-15 | 90-10 | average |
i weighting i i
rdfidl 471 3471 83| 82| 804 795 7841 732 80.9 |
I:MIM 85.2 | 851 8381 86.0f 873 &3] WO 720 8.7
idf 80.0 1 800 8161 7841 759 73.1 | 706 | 62.1; 75.2 |
PMIM 852 | 856 | 870 876 | 8.3 847 | 71.7| 726 83.2
P4 8281 843 824 | 82| 849 | 828 | 769 | 743 81.6
rf 6871 7231 745 ) 730} 737 T1S| 692 | 66.8 71.2
nfidl 600 720 715 699 .21 687 69.1] 6891 0698
| average 794 | 806 | 8.7 8021 796 | 77.8| 743 70.0| 778
nfidf weighting —
rdfidf 860 | 888 904 8.7 908 83| 85| 839 88.4
EMIM 836 | 89| 8.7| 84| 903 [ 883 | 83| 778 86.0
idf 76.8 | 79.8 4 801 793 | 780 763 | 754 | 69.0 76.8
PMIM 79.1| 833 86| 88| 913 90.7] 886.8| 79.8 85.4
P4 817 8.1 | 84| 872] 879 8.8 8.2 | 783 85.1
nf 799 Ste6| 813 86 812 70| 785| 725 79.6
nfidf 7301 7521 7817 764 765 76.1| 758 | 729 75.5
[averuge T 80.0T 828 84.0] 844 8511 836 831] 763 824 ]

Table 3: Averuage performunce of relevance feedback across collections using rif and rifidf term reweighting. 10 make results
Sor different collections comparable the results for each collection were transformed from perceniage improvement over the
baseline to percentage of the maximum performance obtained over each collection for any experiment.
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find that the general hypothesis, that relevance feedback in
inference networks is effective, is strongly supported. Un-
der many different combinations, we get significant increases
in performance and, for the CACM collection, these perfor-
mance increases seem to be comparable to those observed
using the vector space model. The increases are robust over
many combinations of conditions. For the CACM collection,
the average peak increase over all the conditions was approx-
imately 90%. For the WEST collection, the average peak in-
crease was over 30%.

For structured queries, the results are less compelling.
While still eftective, the increases in performance are gener-
ally much smaller. As mentioned previously, the techniques
used for single term queries may not be the best methods for
structured queries and more experiments are needed o ex-
plore this further.

One striking pattem in the data is that there are large differ-
enccs in performance between the two collections used here.
It is far casier to get large performance increases with the
CACM collection than with the WEST collection. An in-
teresting question is whether this may be due to the superi-
ority of relevance feedback methods when there is less text
or whether initial performance in a full text collection might
be superior to that for a selected text collection. That would
leave less room for relevance feedback 10 improve perfor-
mance. Our current data does not address this question, but
it is an extremely important issue that needs to be understood.
It may be that new techniques must be developed for effec-
tive feedback performance on full text collections.

For neither the unstructured or structured querics do we
belicve that we have found optimal selection and weighting
methods. The ones chosen were based on previous research.
Further research may well find others that would be better.
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