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Summary

Automatic feedback methods may be used in on-line information retrieval
to generate improved query statements based on information contained in previ-
ously retrieved documents. In this study automatic relevance feedback tech-
niéues are applied to Boolean query statements. The feedback operations are
carried out using both the conventional Boolean logic, as well as an extended
logic producing improved retrieval effectiveness. Experimental output is

included to evaluate the automatic feedback operatioms.
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1. Convemtional Bibliographic Retrieval

The operations of most existing commercial bibliographic retrieval sys-
tems are based on the use of a dual file system: a main document file storing
appropriate bibliographic information for each document in the collection, and
a set of auxiliary indexes, known as an inverted file, which supplies for each
content identifier, or term, assigned to a document, the list of corresponding
document references. Normally, the terms representing document content are
manually assigned, but in principle the individual words included in the docu-

ment texts could also be used for document identification.

In operational retrieval, the search requests may also be formulated by
using terms reflecting the user's information needs. However, whereas the
document content is often expressed by sets of unrelated terms, the queries
are usually represented by Boolean expressioms, consisting of search terms
interrelated by the Boolean operators and, or, and pot. For example, a query
such as

((information and retrieval) or (automatic apd documentatiom))

is designed to retrieve items identified by the terms "information" as well as
"retrieval™, or else (or in addition) the terms "automatic™ and "documenta-
tion". In a system using inverted files, the Boolean operations are normally
implemented by list intersection and list union operatioms. Thus a Boolean
"and™ can be performed by a list merge followed by the recognition of dupli-
cated items, and an Qor by a merge followed by elimination of one instance of
each duplicated item. These operations are illustrated in Fig. 1 for two sam-
ple lists of document identifiers corresponding to the terms "information" and

"retrieval™. [1,2]
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The popularity of the Boolean model is due not only to the relatively
simple implementation by list merge operations, but more importantly to the
possibility of constructing queries of the appropriate specificity for each
individual user. Indeed, the gor-operator is normally used to represent
synonymous constructions, and adding ored terms tends to broaden the query
formulation. The and operator generally relates phrase components, and using
and operations will render the query more specific. By judicious use of and,

oL, and pot one can sometimes obtain precisely the desired type of output.

In former times, a good.deal of attention was paid to vocabulary control
for document analysis (indexing) and query formulation purposes. That is,
thesauruses and vocabulary control aids were provided specifying lists of
allowable index terms and term relationships (synonyms, broader terms, nar-
rower terms, related terms). The document indexing and query formulation
tasks could then be highly demanding, since it became necessary to specify not
only the individual terms, but also certain term properties or relationships
(links and roles). Such input control were justified by citing examples of
the retrieval failures that might occur in their absence--for example, that
queries requesting information about M™Venetian blinds™ might retrieve docu-

ments dealing with "blind Venetians".

More recently, the emphasis has shifted to the use of controls at the
search end rather than at indexing time. in part becausé it was realized that
some of the examples of potential retrieval failures were fictitious, and more
immediately because full-text, and other automatic, indexing systems were
developed to replace the more complex, former indexing methods. Most impor-
tant in assessing the usefulmess of indexing controls is the fact that nearly

all operational retrieval systems now provide on-line search capabilities
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where the responses to the submitted search requests are obtained in real-time
while the users are waiting for the search output. In such an environment,
the users can submit tentative search formulations and consider the partial
answers retrieved in response to these formulations before deciding to abandon
or continue a search with either original or altered search requests. In gen-
eral, a given complete search may then be carried out by several distinct par-
tial searches in the hope of obtaining satisfactory search output for the com-

bined search. [1,2]

In actuality, the promise of user-controlled on-line searching may not
always be fulfilled because of the intricacies in the design of existing com-
puter systems, and the need to learn console operations, command languages,
and system operations. In these circumstances, trained search intermediaries
may still be needed in the on-line enviromment to generate correct Boolean
search expressions and to interpret system responses for the user. As a
matter of practice, some controls are therefore still provided in existing
operational on-line retrieval systems, both at the input end for document

analysis and indexing purposes and at output time during the search operation.

Relevance feedback is a largely automatic process designed to simplify
the interaction task for retrieval system users by providing methods for an
automatic reformulation and improvement of originally available search
queries, based on information about the usefulness of documents previously
retrieved in earlier search steps. Alternatively, given information about the
relevance to the user of certain items included in the stored collectionms,
good initial queries can be automatically constructed prior to any search

operation. Advanced relevance feedback operations are considered in the

remainder of this note.
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2. Automatic Relevance Feedback

Automatic relevance feedback methods were introduced in vector processing
environments nearly twenty years ago. In a vector processing system both the
queries Q, and documents D, are represented by sets of possibly weighted,
independent terms, unrelated by Boolean operations or other relationship indi-
cations. An approximation to an optimal query vector may be generated by
adding to an initial query formulation terms extracted from previously
retrieved documents identified as relevant to the query, and analogously by
sustracting from an initial query formulation terms extracted from previously
retrieved nonrelevant documents. [3] Assuming that m of the previously
retrieved documents are identified as relevant (Rel), and m, as nonrelevant
(Nonrel), an initial vector query Qo can then be updated using vector addition
and subtraction as follows:

Q=0+ = oL 5 (1)
1 Rel 2 Nonrel

The formulation of expression (1) adds new terms, or alters the weights
of existing terms, in accordance with the term occurrences in the relevant and
nonrelevant retrieved documents. The new query formulation Ql may be expected
to exhibit greater similarity with the relevant items, and smaller similarity
with the nonrelevant ones than the original formulation Qo. The available
experimental evidence indicates that substantial increases in retrieval effec-

tiveness can be produced by the relevance feedback procedures in vector pro-

cessing environments. [4-6]

Relevance feedback methods have also been used advantageously in proba-
bilistic information retrieval. [7-9] In that case, an explicit feedback query

is not constructed. Instead, a relevance weight, sometimes known as term
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relevance or term precision, is computed for the terms contairned in previously
retrieved relevant, or nonrelevant documents. The relevance weight of a given
term x, is determined as a function of the occurrence probabilities of that
term in the relevant and nonrelevant documents. Correspondingly, a document
relevance factor may be determined for each document as a function of the

relevance weights of the individual terms contained in that document.

Assuming that the relevance factors have been computed for all documents,
the items may then be ranked and retrieved in decreasing order according to
théir presumed importance to the wuser. The evidence indicates that the
relevance feedback process is useful in probabilistic information retrieval,

as it is in the vector processing system.

The foregoing operations are difficult to apply successfully in a Boolean
query environment first because the choice of terms to be used for feedback
purposes is more crucial in Boolean systems than in vector processing in view
of the differentiated nature of the terms, but more importantly because in a
Boolean.environment the feedback process requires a choice not only of the
feedback terms but also of the Boolean operators relating the terms. [10-12]
Recently a Boolean relevance feedback process has been developed which appears
to be more effective than previously proposed systems, and provides a viable

basis for a practical Boolean feedback system. [13-15]

The new Boolean relevance feedback process, known as the DNF method, con-
sists of two main processing steps, including first the construction of "good"
term clauses, and then the generation of a Boolean query statement in disjunc-
tive normal from (DNF) incorporating some of previously chosen clauses, and
designed to retrieve approximately T documents. A clause is defined as a sin-

gle term, or a conjunction of several terms connected by and operators, and T
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is a parameter specified by the user stating the desired number of documents
to be retrieved by the feedback query. The actual use of a given clause in a

feedback query depends on two mairn factors:

a) its relevance weight which expresses the degree to which the clause is
likely to be useful in retrieving relevant documents from the collec-

tion;

and its expected postings frequency which represents the approximate

number of documents which the clause may be expected to retrieve.

A reformulated feedback query then consists of a set of clauses interconnected
by or-operators chosen in such a way that each clause carries a high relevance
weight and that the total set of clauses will retrieve the desired total

number T of documents.

Simplified charts of the clause generation and final query reformulation
processes appear in Figs. 2 and 3. The chart of Fig. 2 covers the identifica-
tion of a set of good single terms t (that is, terms with high relevance
weight), as well as good anded term pairs, and anded term triples. For each
anded clause, an estimated postings frequency 1is generated, defined as
s ns-nt/N, and nr-ns-nt/N2 for single terms t, anded pairs st, and anded
triples rst, respectively, where n is the postings frequency of term t and N
is the total number of documents in the collection. The computed estimated
postings frequencies are exact under the assumption that all terms are

assigned independently of each other to the documents of a collection.

The frequency counts for terms occurring in the original queries can be
adjusted by using an auxiliary query count (qcount) parameter designed to give

extra weight to the original query terms. The qcount parameter specifies that
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the occurrence of a term in a query is equivalent to its occurrence in k
relevant documents. For query terms, the actual number of term occurrences in
the retrieved relevant documents is then augmented by the qcount. This
adjustment can increase the frequency counts and thus the relevance weights of

query terms relative to the weights of terms not occurring in the queries.

The chart of Fig. 3 outlines the successive refinement process used to
construct Boolean query statements designed to retrieve the wanted number T of
documents. The basic idea consists in starting with a broad query--for exam-
plé. the set of all previously chosen single terms connected by or-
operators--and comparing the estimated number of documents retrieved by such
an initial query (estret) with the retrieval threshold T. As a first approxi-
mation, estret is computed as the sum of the postings frequencies of the indi-
vidugl terms in the query. (This computation is exact when the document sets
corresponding to the individual terms are disjoint.) Since estret will ini-
tially be much larger than T, single terms are now successively deleted in
increasing order of their relevance weights (that is, worst terms are deleted
first), and replaced by anded term pairs that are not subsumed by the singles
still present in a given Boolean statement. For example, following deletion
of terms A and B, the more specific clause (A and B) can be added to the
query. Following each addition and/or deletion, the estret parameter is
adjusted. So long as estret exceeds T, shorter clauses are deleted and
replaced by more specific longer ones, until eventually T 2 estret > T/2 when
the process stops. The final query is then formed by connecting the clauses

still present with gr-operators.

An example of the query refinement process is included in Table 1 for a

sample term set of 3 singles, 3 pairs, and 1 triple. The estimated number of



retrieved items decreases from 173 for the broadest query comsisting of the
set of three ored singles to 0.2 for the narrowest formulation consisting of a

single anded clause including all three terms.

Like most other feedback procedures, the query reformulation process of
Figs. 2 and 3 can be iterated several times in the sense that the initial
queries are transformed into first iteration feedback queries using the set of
initially retrieved items; the first iteration feedback queries can then be
used to retrieve additional items to be used in generating second iteration
feédback queries, and these in turn may be used for further query reformula-
tion steps. The process may be adapted to collections of varying size because
the T parameter 'specifying the desired number of retrieved documents effec-
tively controls the clause formation process: for smaller collections, the
queries will be composed of anded term pairs or triples; as the collection
size grows, each anded clause may be expected to retrieve a larger number of
documents; the final queries may then consist of anded quadruples or quintu-
ples for a given fixed value of T. Finally, the automatic query formulation
process makes special provisions for increasing the relevance weights, and
hence the importance in the reformulated queries, of the original query terms.
An evaluation of the DNF query reformulation process is included at the end of

this study.

3. Extended Boolean Retrieval

The conventional Boolean relevance feedback process can be implemented
relatively easily to generate improved query formulations. The effectiveness
of the conventional system is however limited by the drawbacks of the standard

Boolean retrieval model:
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a) The size of the output obtained in response to a given query is often
difficult to control; depending on the postings frequency of the query
terms and the actual term combinations used, a great deal of output
could be obtained, or alternatively no output might be retrieved at

all.

b) The output obtained in response to a query is not ranked in any order
of presumed importance to the user; thus each retrieved item is assumed
to be as important as any other retrieved item and a feedback system
based on the use of a fixed number, m, of retrieved items must effec-
tively utilize a random m items rather than the best possible m

retrieved items.

c¢) No provisions are made for assigning importance factors, or weights, to
the terms attached either to the documents or to the queries; thus all
terms included in the documents and queries are assumed to carry equal

importance.

d) Boolean query formulations may produce counterintuitive results: for
example, in response to an or-query (A or B or .... or Z), a document
containing only one query term is deemed to be just as important as an
item contaiﬁing all query terms; analogously, for an and-query (A and B
and ... and Z), an item containing all but one of the query terms is
assumed to be just as useless as an item containing none of the query

terms at all.

Some of these disadvantages are of course absent from the vector process-
ing system which allows term weighting and provides ranked output in decreas-

ing order of the vector similarity between documents and queries. However the
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vector processing system does not accommodate structured queries, the query
terms being considered‘independent of each other. Document weights and output
ranking are also incorporated in various extemsions of the classical Boolean
system such as the fuzzy set model. [16-18] The fuzzy set system suffers,
however, from lack of discrimination among the retrieved output nearly to the
same extent as the conventional Boolean retrieval system, since the ramk of a
retrieved item depends only on the lowest, or highest weighted document term
for and- and or-queries, respectively. In addition, it is difficult to extend
the fuzzy set model to situations where term weights are attached also to the

query terms instead of only to the document terms.

A new extended Boolean retrieval system was recently introduced in which
the value of a document for retrieval purposes is determined by a similarity
computation between a Boolean query statement and a set of terms representing
document content. The query-document similarity defined in the extended sys-
tem is based on Lp vector norm computations, and is controlled by a variable
parameter p, 1 S p < o0, providing a special interpretation for the Boolean
operators. In particular when the value of p is large, that is, close to
infinity, the classical Boolean system is maintained with its strict interpre-
tation of the Boolean operators. As the value of p is reduced, the interpre-
tation of the Boolean operators is relaxed more and more, to the point where
the distinction between the Boolean or and and operators is lost completely
when p reaches its lower limit of 1. The extended Boolean system represents a
unifying retrieval model which includes the conventional Boolean system, the
fuzzy set model, and the vector processing system as special cases, and main-
tains the advantages of both the vector processing (term weighting and docu-

ment ranking) and of the Boolean operations (term relatiomships). [19-20]
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Consider a set of terms AI’A2’°"’An’ and let dA represent the weight of
i
. - < .
term Ai in some document D (dAl,dAz,...,dAn), 0= dAi < 1. A generalized

Qr-query, QQL’ can now be formulated as

Q (P) = [(a)sa)) ax’ (8,0 8 0" + -+ - ax(A ha))]

A

where a; specifies the weight of query term Ai’ 0 a, and 1 £ p £ c0. Simi-

larly a generalized and-query, Qanﬁ. is written as

Quu(®) = [(A2a)andP(4y0a,)andP « + - andP(A ,a)]

The similarity between the document D = (dA sdy seeend, ) and the queries

1 2 n
le(p) and Qand(p) may now be defined as

apdp +apdp +....+agdp 1/7p

1 Al 1 AZ, An

sim(D,Q__(p)) = (2)

x aP+aP+ ... +a?

1 72 n

and
P14 YP,..Pri_4 P Pri_y P |1/P
al(l d, ) +a2(1 d, ) +...+an(1 d, )

1 2 R (3)

sim(D.Qm(p)) =1-

PP P
al+az+ o e 0 +an

It is not difficult to show that when p=l, sim(D,Q )
or(p)

sim(D,Q i(p))' Since  both expressions (2) and (3) reduce to
[(a

1dA +a2dA +...+andAh)/(al+a

1 2

tinction is made between and and or operators and the query-document similar-

2+...+an)]. In other words, for p = 1 no dis-

ity reduces to the vector product between a document D = (dA ’dA ,...dA ) and

1 2 n

a query Q in which the ith term receives the normalized weight

ai/(a1+a2+...+an).
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When p = oo, expressions (2) and (3) reduce to

max(aldA » a,d, ....andA )
1 2 o

max(al. az....,an)

sim(D.QQI(oo)) = (4)

max[a, (1-d, ),a,(l-d, )seeesa_(1-d, )]
1 Al 2 AZ n An
max(algazy cee ’3n)

Sim(D'Qand(OO)) =1 - (5)

Assuming that the query terms all carry a weight of 1, as they do in conven-

tional Boolean systems (that is, a; T3, =07 an=l). one obtains further

Sim(D.Qﬂ(m)) = max(dA ,dA » ooo;dA ) (6)
1 2 n
and SIm(D)Qm(CX))) = mln(dA ’dA lo”’dA )o (7)
1 2 n
Thus, when p = oo and the query terms are not weighted, the query-document

similarity is dependent only on the document term of highest weight for QQL'
and the document term of lowest weight for Q {° This result is precisely the
same as that obtained in conventional Boolean retrieval where the values of

the dA are restricted to 0 and 1; by extemsion the same result applies in the
i

fuzzy set model where weighted document terms, 0 < dA £ 1, are allowed.
i

By varying the value of p between 1 and oo and using the query-document
similarity functions of expressing (2) and (3), one obtains systems intermedi-
ate between a pure vector processing model (p=1) and a conventional Boolean
system (p=co). The larger the value of p, the more importance is assigned to
the query structure and to a strict interpretation of the or and and opera-
tors. On the other hand, the smaller the value of p, the more relaxed is the
interpretation of the operators. In gemeral, when 1 < p < oo, the normal

interpretation of and which requires the presence of all query terms to effect
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retrieval of a document is replaced by a specification requiring the presence
of most terms, or as many terms as possible. Correspondingly, the requirement
of one matching term for or operators is replaced by a requirement for some
terms, or for a few terms. In each case, the query-document similarity

increases with the number of matching terms.

It is not difficult to show formally that for values of p between l and
©, the query-document similarity values obtained by evaluating expressions
(2) and (3) are intermediate between the limiting values obtaimed for p=l and

p=co, respectively. In fact, for 1 < p < oo, one can prove that [13,19,20]

sim(D.Qand(oo))<Ssim(D.Qand(P))S sim(D.Qand(l)) (8)

= Slm(D’Qu(l) < sim(D,Qu(P)) < Sim(D'Q.Q.z(OO))°

To evaluate the query-document similarity in the extended Boolean system,
expressions (2) and (3) can be used directly for pure gr-queries and pure
and-queries respectively, that is, queries containing only or- or only and-
operators. For mixed queries, the basic expressions are used recursively.
For example, given the query Q = {(A,a) orP (b,[(E,e) andP (F,£)]}, where b
represents a special clause weight for the and-clause, and a, b and f are the

weights of query terms A, E and F, respectively, the corresponding query-

document similarity with document D (dA,dE.dF) is obtained as

P(1-a)P+eP(1-a ) 1/p]P ) 1P
apdAp+bp 1 - ( )
eP+£P

sim(D,Q) = (9)

aP+pP

In many practical cases no special clause weights beyond the individual term
weights are assigned. In that case all clause weight parameters, such as b in

expression (9), may be assumed to be equal to 1.
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In the extended system, the retrieval value of any document D depends on
the size of the corresponding query-document similarity computed in accordance
with the specifications of expressions (2) and (3). Hence to use the extended
system it becomes necessary to compute a similarity coefficient, sim(D,Q), for
each document of interest, and to rank the documents in decreasing order of
the query-document similarity. When the document collection is large, as it
often is in practice, it may become inconvenient to carry out a large number
of such similarity computations while the user is waiting at the comsole for
system responses. In that case, the following practical method may serve for
implementing the automatic relevance feedback procedures in the extended

Boolean model:

a) A broad conventional Boolean query is first used to retrieve a subcol-
lection of potentially relevant items. This retrieval operation can be
carried out using the conventional techniques currently available in
existing retrieval systems. If the initial formulations are suffi-
ciently general, one may expect that most items of interest will be

included in the subcollections identified by the initial searches.

b) All subsequent relevance feedback and document ranking operations may
then be carried out with the subcollections identified in step a),
using a special back-end systems package to perform the search opera-
tions in the extended, p-valued mode. A high degree of effectiveness
and efficiency should be attainable with subcollections limited in size

to a few thousand documents.

The Boolean feedback and extended system operations are evaluated in the

remaining section of this study.
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4. Evaluation

Two main methodologies must be considered: the Boolean feedback system
including the construction of improved Boolean queries based on relevance
assessments obtained for certain previously retrieved documents, and the
extended retrieval model consisting of the term weighting and document ranking

operations and the relaxed interpretation of the Boolean operators.

Three sets of experiments are used to evaluate the effectiveness of the
feedback operations in the extended Boolean model, including first a standard
relevance feedback test in which all original and reformulated queries are
strictly Boolean and conventional retrieval methodologies are used based on
inverted file manipulations. In experiment 1, conventional Boolean queries
are used to produce conventional first iteration Boolean queries based on
relevance assessments obtained for ten randomly chosen documents retrieved by
the initial queries. Additional feedback iterations are then used to con-

struct conventional second- and third-iteration Boolean queries.

Experiment 2 is designed to test the operations of the extended retrieval
model as it would be implemented with currently existing operatiomal retrieval
systems. In that case, ordinary Boolean queries are first used to isolate a
subcollection of potentially relevant documents using the conventional Boolean
methodologies with inverted files. All subsequent search operatiomns beyond
the initial one are however conducted in the extended, p-valued system. In
previous experiments, a p-value equal to 2 was found to be generally helpful.
[20] Hence p=2 is used as a standard for the extended system experiments

reported in this study.

Experiment 3 is designed to test the full operations of the extended sys-
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tem by performing all search iteratioms, including also the initial search in
the extended, p-valued system. Once again, a standard p-value of 2 is used

throughout.

To evaluate the effectiveness of a retrieval operatiom, it is customary
to compute values of the search precision (the proportiom of the retrieved
items that are relevance) averaged over a number of user queries at certain
fixed values of the search recall (the proportion of relevant items that are
retrieved). Typically a recall-precision table may then be displayed giving
the average precision at fixed recall levels from 0.1 to 1.0 in steps of 0.l.
[2] Since it is impossible in the present context to display dozens of com-
plete recall-precision tables, a single precision value is used for each run,
representing the average precision values obtained for three typical recall
levels, including a low recall of 0.25, a medium recall of 0.50, and a high
recall of 0.75. Percentage improvement or deterioration values are also given

for the composite precision measures.

In a relevance feedback evaluation, special precautions must be taken to
avoid crediting the feedback search with improvements in the retrieval ranks
of relevant documents already retrieved in an earlier search and used to con-
struct the feedback queries. This can be done by freezing the retrieval ranks
of any previously retrieved ;elevant documents for all subsequent search
iterations. At the same time, all nonrelevant previously retrieved documents

may be disregarded by removing them from the collection to be searched by the

feedback queries. This process is known as partial rapk freezing. [14,21]

The partial rank freezing operation is illustrated for two search itera-
tions by the sample output of Fig. 4. The assumption is that 10 new documents

are retrieved and judged for relevance in each iteration. The relevant
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retrieved items are then used to construct the feedback queries for the next
search iteration. In the example of Fig. 4, two items out of 10 are assessed
as relevant--those in ranks 3 and 7. These two items are kept in these same
ranks in all subsequent feedback searches, while the nonrelevant items origi-
nally in ranks 1, 2, 4, 5, 6, 8, 9, and 10 are discarded. The output obtained
for the first feedback iteration queries is then compared against a simulated
"continuation" of the original search obtained by replacing the discarded non-
relevant items by new items in the original retrieval order. For the example
of . Fig. 4 the eight discarded items are replaced by the items originally

retrieved in ranks 11 to 18, as shown in the middle portion of Fig. 4.

For the next search iteration 10 items not previously seem must be con-
sidered, plus the two original items still present in ranks 3 and 7. Three
additional relevant items are now identified--those originally appearing in
ranks 11, 13, and 19--and these three together with the original two are now
frozen in rank for the second feedback iteration. The output of the second
feedback iteration is then compared against a second continuation of the ori-
ginal search shown at the bottom of Fig. 4, or against a first search con-
tinuation for the first iteration query output. In gemeral the output of the
nth feedback iteration with the appropriate frozen ramks is directly compar-
able to the original search output with n search continuatioms, or the output
of the (n-1)th iteration feedback queries with one search continuation. The
partial rank freezing process is used for all evaluation output included in

this study.

Four sample document collections, knmown as Medlars, CISI, CACM, and
Inspec are used for experimental purposes. These collections cover the areas

of biomedicine, documentation, computer science and electrical engineering,
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respectively, and range in size from just over 1000 documents for Medlars to

over
tics
ried

case

twelve and a half thousand for Inspec. The relevant collectiom statis-
are included in Table 2. Three iterations of relevance feedback are car-
out in each experiment. The feedback queries were constructed in each

using a qcount of 2, and a desired number of retrieved items, T, equal to

50 for the smaller collections (Medlars, CISI, CACM), and T = 100 for the

larger Inspec collection. The feedback queries Q were defined as

(Q

new

or Qold)’ that is, the original query Qold was preserved intact and

added to the new feedback terms, Qnew’ using Qr operators.

four

The p-value assignments and term weighting methods used to perform the

searches in each experiment (original search plus three iterations of

feedback) may be summarizecd as follows:

a)

b)

c)

In experiment 1 covering the conventional Boolean searches all query
and document terms are unweighted, that is, all terms receive a common

weight of 1, and all p = oo.

In the mixed search system of experiment 2, the original searches are
pure Boolean (unweighted terms and p = oco0); all subsequent searches use

p-values equal to 2 and weighted query and document terms.

Finally in the extended system searches of experiment 3, p-values equal
to 2 are used throughout and all terms are véighted. The weights used
for document terms are defined as tf x idf (term frequency times
inverse document frequency), where the term frequency is equal to the
frequency of occurrence of the term in the given document, and the
inverse document frequency is defined as log N/ni, n, being the post-

ings frequency of the term and N the collection size. For gquery term
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weights a distinction must be made between the initial search when no
information is available about the occurrence of query terms in any
previously retrieved relevant documents, and the subsequent feedback
searches when such information 1is available. For the feedback
searches, term relevance weights can be defined as (ri/R-ni/N) where
T, is the number of previously retrieved relevant documents containing
term i and R is the total number of retrieved relevant items; for the
initial searches, an inverse document frequency weight is used also for
the query terms. (It is known that the idf weights represent a good

approximation to the term relevance in many circumstances. [22-24])

The basic relevance feedback results for the three experiments appear in

Table 3 using the search precision at three recall points averaged over the

query set as an evaluation criterion. The following conclusions are apparent:

a)

b)

c)

In the initial search (top line of Table 3), the extended Boolean sys-
tem of experiment 3 far outperforms the conventional Boolean searches
(experiments 1 and 2), the difference in performance being at least 55

percent for the CISI collection and as much as 156 percent for Medlars.

In the three feedback iterations, the extended system used in experi-
ments 2 and 3 again outperforms the Boolean searches of experiment 1 by
a wide margin. The improvement in performance obtained from ome search
iteration to the next varies from collection to collection, exceeding
10 percent in most cases and reaching over 100 percent in some

instances.

There is little difference in the overall performance of the mixed

strategy of experiment 2 and the pure extended system of experiment 3.



¥
H
5
:
H

- 21 -

Hence in practice, one might as well use the mixed strategy based on
initial conventional Boolean searches since the latter is compatible

with existing operational retrieval systems.

d) The overall improvement obtained with the mixed feedback strategy for
three feedback iterations 1is impréssive varying from 158 percent for

CISI to 288 percent for Medlars (see last line of Table 3).

The evaluation data of Table 3 are produced by three distinct effects:
the feedback effect which reflects the retrieval of a larger number of
relevant documents in the various search iterations than in the initial
search, the effect of the extended Boolean system with the relaxed interpreta-
tion of the Boolean operators, and finally the effect of the extra work
involved in constructing the feedback queries and performing the new feedback

searches.

This latter effect can be removed by comparing the output of each feed-
back iteration with a simple continuation of the search using the previous
query set as previously explained. The relevant performance output appears in

Table 4. The following conclusions are evident:

a) The amount of improvement is generally greatest for the first feedback
iteration, but additional smaller improvements of a few percentage

points are obtainable in subsequent search iterations.

b) The relevance feedback methods are of greatest help for the pure
Boolean queries of experiment 1 which exhibit the poorest initial per-
formance, and of least help for the p-valued queries of experiment 3

which exhibit the best initial performance.
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c) The mixed retrieval strategy of experiment 2 shows large improvements
in the first iteration due in part to the change in the query formula-
tion system from pure Boolean to p-valued; subsequent feedback itera-
tions improve the output by 1 to 14 percent compared with a search comn-

tinuation using the previous output.

The relevance feedback strategies introduced in this study were used to
obtain improvements in retrieval output ranging from over 150 to nearly 300
percent im search precision for document collections in widely varying discip-
lines. The feedback strategies are compatible with existing technologies.
One hopes that appropriate tests can be conducted in operational retrieval

enviromments before long.
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information : { 3, 15, 23, 29, 30 }

retrieval : {2, 15, 21, 27, 29 }

information retrieval:

original lists of
document identifiers

{2, 3, 15, 15, 21, 23, 27, 29, 29, 30 } merged list

information apnd retrieval:

{ 15, 29

information or retrieval

{ 2, 3, 15, 21, 23, 27, 29, 30 }

recognition of
} duplicated items

elimination .of one :
instance of each duplication

List Manipulations Corresponding

Fig. 1

to Boolean or, and
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a)

b)

c)

d)

e)

£)

g)

h)

for all terms t in a relevant retrieved document or
in original query:

compute adjusted postings frequency n_ of the term
(n, is the number of documents in the collection
t§ which term t is assigned; for query terms
n, is adjusted by the qcount parameters);
compute the relevance weights, relwt , as the difference
between the proportion of relevant retrieved documents
in which term t occurs and the proportion of
documents in the collection in which term t occurs;

keep the m single terms with the best relevance weights;

repeat steps a) through c¢) for all pairs of terms s,t where s,t
are on the list of m best singles; the postings frequency
of a pair is estimated as n_+n_/N = n__ where N is

. . s t st
collection size;

keep the m term pairs with the best relevance weight, relwtst;
repeat steps a) through c¢) for all triples of terms r,s,t
where r,s,t are distinct terms on best singles or pair
list; the postings frequency of a pair is estimated as
n_en /N =n ;
r st rst

keep the m term triples with best relevance weight, relwtrst.

Generation of List of Good Single Terms, anded Pairs, anded Triples

Fig. 2
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i) start with query consisting of m single terms related by
or-operators;

j) compute the estimated number of retrieved items, estret,
as sum of postings frequencies of individual terms
estret = 2n_;

t t

k) while estimated number retrieved is greater than desired number,
estret > T, remove the single term or the anded term
clause with the smallest relevance weight;

if the removed term is a single term t, recompute estret:

estret = estret - ﬂt;

(if estret < T/2, put term t back in set and exit);

mark term t as discarded;

add to current term set all good pairs s,t where s is

another discarded single; recompute estret:

estret = estret + 2 n
added
pairs

st

else if the removed term clause is a term pair (s and t)
estret = estret - m_., and mark pair s,t as dicarded;

(if estret < T/2, put pair s,t back in set and exit);
add to current term set all good triples r,s,t not
subsumed by existing term clauses and adjust estret count

else if the removed term clause is a term triple (r and s and t)

estret = estret - Drst

if estret < T/2, put term triple back in set and exit;

2) form query by or-ing together all term clauses left in good term set;
optionally add original query using or operations

Generation of Feedback Query using DNF Process

Fig. 3
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Sample ipnitial rapking (circled items are relevant)

1 2@45 6@8 9 10 }@12@14 15 16 17 1820 21@23 24
|

Use items<:>and<:>to construct first iteration feedback query

Sample initial ranking continued once (freeze n, relevant items in top 10)

T
@12@@14 15@16 17 18@20 l 21@23 24 25 26 27 28 29 30 ...
. {

Use items ’ R to construct second iteration feedback quer
q y

Sample initial rapking continued twice (freeze ny+n, relevant in top 10+n0)

@ 10X 23(7)24 25 26 €9 27 28 29 30 { 3 ...,
]
Use items @@@@@@ to construct third iteration feedback query

Example of Partial Rank Freezing

Fig. 4
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Original Query: Excretion (ex) of phosphate (ph) in urine (ur)

Term clauses Estimated Postings Clause Relevance

Frequency Weight
excretion (ex) 52 . 9497
phosphate (ph) 43 .9584
urine (ur) 78 . 9245
(ex and ph) 2.2 .9979
(ex apnd ur) 3.9 .9962
(ph and ur) 3.2 .9969
(ex and ph and ur) 0.2 .9998

a) Clause Characterization for Sample Query

Query Formulation in DNF System Estimated Number of Retrieved Items
(ex or ph or ur) 173

(ex or ph) 95 (173 - 78)

(ph or (ex and ur)) 46.9 (95 - 52 + 3.9)

(ex and ph) or (ex and ur) or (ph and ur) 9.3 (46.9 - 43 + 2.2 + 3.2)
(ex and ph) or (ph and ur) 5.4 (9.3 - 3.9)

(ex and ph) 2.2 (5.4 - 3.2)

(ex and ph and ur) 0.2 (2.2 -2.2 + 0.2)

b) Refinement Process for Sample Query

Table 1
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Medlars CIcI C4CH Inspec
Ccllection Stetistics
(biomedicine) (documentation) (computer (electrical
science) engineering)
Number of documents 1033 1460 3204 12684
Number of queries 30 35 52 77
Average number of relevant 23.2 49.8 15.3 33.0
documents per query
Average number of relevant
documents retrieved in
top 10 by initial
a) Boolean queries 3.9 1.7 1.8 2.1
b) p-valued queries 5.9 3.0 2.8 3.7
Number of queries for
which no relevant items
are retrieved in top 10
ranks
a) Boolean queries 5 12 1R 23
b) p-valued queries 1 9 9 10

Collection Statistics

Table 2
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RV

Type of Run

Medlars 1033

CISI 1460

CACM 3204

Inspec 12684

Exp. 1 | Exp. 2 | Exp. 3

Exp. 1 ! Exp. 2

Exp. 3

Exp. 1 | Exp. 2 |}

Exp. 3

Exp. 1 “

Exp. 2 | Exp. 3

Original Query Statements
(improvement of p-valued
queries over Boolean queries)

First Iteration Feedback
Queries

Second Tteration Feedback
Queries

Third Iteration Feedback
Queries

(Overall Improvement of
Mixed Feedback over
Original Boolean Output)

L2065 | .2065 | .5279
_A+¢mmuv

L4322 ) 6147 | .6967
(+110%) .A¢_@mxv .A* 32%)
' ]

.5420 | .7588 | .7825
(+ 25%) [+ 23%) (v 129)

.6334 | .8003 | .8211
(+ 17%) .A+ 5%)  (+ 5%)
]

| !
(+288%)
| i

118 1 L1118

1367 | .2168

.1728
+ 55%)

.1969

(+ mmuv_ (+ maxv_ (+ 14%)

.1588 | .2486

<2315

(+ _mxv_ (+ .mnv_ (+ 18%)

.1827 | .2885

.2738

(+ 15%) (+ _mav_ (+ 18%)

285_

.1798 .1798 |

.2550 | .3706 |
(+ amuv_ A._Omnv_

.2837 | ]
(+ _duw (+ mmnw
] [}

3217 | L5252 )
(+ 138) (+ 12%)

A,ﬂwwuv_
| |

313
(+ 74%)

3817
(+ 22%)

.4499
(+ 18%)

5157
(+ 15%)

1159 |

.1522 |
(+ u_xv.

1699 |
(+ _wav.
]

.1933 |
(+ 14%)

L1159 | .2498
(+116%)

.3002 | .3019
A+.mouv_ (+ 21%)

.3546 | .3476
(+ ,mnv_ (+ 15%)
]

23990 | .3786
(+ _uav_ (+ 9%)
]

]

A+mAAnV“
[}

Relevance Feedback Results for Thiee Iterations

( Experiment 1:
Experiment 2:
Experiment 3:

conventional Boolean feedback;

mixed strategy;

extended Boolean feedback )

Table 3
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PRrRY

Type of Run

Medlars 1033 CISI 1460 CACM 3204 Inspec 12684

Exp. 1 ;| Exp. 2 !

Exp. 3 | Exp. 1 | Exp. 2 | Exp. 3 | Exp. 1 ! Exp. 2. | Exp. 3 | Exp. 1 |

Exp. 2 | Exp. 3

Original Queries
continued once

First Iteration Feedback -
Queries

First Iteration Feedback
continued once

Second Iteration Feedback
Queries

Second Iteration Feedback
continued once

Third Iteration Feedback
Queries

2372 ) L2372 |

4322 | 6147 |
(+ 82%) _A¢_moav _

.6099 L1263 | .1263 | .1934 L2118 .2118 | .3562 L1262 )

.6967 L1367 | .2168 .1969 .2550 | .3706 | .3817 1522 |
(+ 14%8) | (+ wav_ (+ qmmv. (+ 20)| (+ mOﬁv_ (+ qmuv_ (+ 18)] (+ m_nv_
1 1 ]

5144 | .6683 |

.5420 | .7588 |
(+ 5%) _A* 14%)

1
] |

.6043 | .7947 |

.6334 | .8003 |
(+ 5% .A+ 1%)
|

7545 .1544 | .2374 | .2226 .2914 | .4269 | .4327 .1720 |

.7825 588 | .2486 | .2315 | .2837 | .4681 | .4499 | .1699 |
(+ 48) [ ¢+ 38) (v 5%) (+ 4| (- 3%) (+10%) (4 4%)| (- 1%)
1

“ | 1 (]

.8162 1793 | .2803 | .2620 3127 1 .5270 | .4994 .1873 |

.8211 .1827 | .2885 | .2738 3217 ) .5252 |, L5157 1933 |
(+1%8) | (+ muv. (+ uxv_ (+ s®)| (+ unv_ ( ouv_ (+ 33)| (+ unv”
[} | [} ]

L1262 | .2856

|

]
.3002 | .3019
A¢_ummv. (+ 6%)

L3432 | L3427

.3546 | .3476
(+ uuv. (+ 1%)
|

.3950 | 3754

.3990 | .3786
(+ _uv_ (+ 1%)
]

Comparison of

Feedback Query Effectiveness versus Search Continuation

using Previous Query Statements

Table 4
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