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MODELS FOR RETRIEVAL WITH
PROBABILISTIC INDEXING

NORBERT FUHR
TH Darmstadt, Fachbereich Informatik, Karolinenplatz 5, 6100 Darmstadt, West Germany

Abstract — In this article three retrieval models for probabilistic indexing are described
along with evaluation results for each. First is the binary independence indexing (BII)
model, which is a generalized version of the Maron and Kuhns indexing model. In this
model, the indexing weight of a descriptor in a document is an estimate of the proba-
bility of relevance of this document with respect to queries using this descriptor. Sec-
ond is the retrieval-with-probabilistic-indexing (RPI) model, which is suited to different
kinds of probabilistic indexing. For that we assume that each indexing scheme has its
own concept of “correctness” to which the probabilities relate. In addition to the prob-
abilistic indexing weights, the RPI model provides the possibility of relevance weight-
ing of search terms. A third model that is similar was proposed by Croft some years ago
as an extension of the binary independence retrieval model but it can be shown that this
model is not based on the probabilistic ranking principle. The probabilistic indexing
weights required for any of these models can be provided by an application of the Darm-
stadt indexing approach (DIA) for indexing with descriptors from a controlled vocabu-
lary. The experimental results show significant improvements over retrieval with binary
indexing. Finally, suggestions are made regarding how the DIA can be applied to prob-
abilistic indexing with free text terms.

1. INTRODUCTION

Probabilistic information retrieval models are based on the probabilistic ranking princi-
ple, which says that documents should be ranked according to their probability of relevance
with respect to the actual request. It can be proved that this principle yields an optimum
ranking under certain conditions [1]. In the past, most of the probabilistic models inves-
tigated were based on a rather simple document representation, namely binary indexing
[2-4]. In this article, we will discuss several models for retrieval with probabilistic index-
ing and show that significant improvements in retrieval effectiveness can be achieved when
binary indexing is replaced by weighted probabilistic indexing.

The first paper on probabilistic indexing was published by Maron and Kuhns [S]. The
central idea of their model is to estimate for each descriptor in a document a probability
of relevance —the probability that the document is relevant to a request which is formu-
lated with this descriptor. But this model has never been investigated in experiments,
because of the problem of estimating the required probabilistic parameters. All suggestions
for solving this problem (see also [6]) require too much intellectual effort,

In the meantime, other models of probabilistic, automatic indexing have been devel-
oped that are based on certain forms of document representation. The well-known
2-Poisson model [7-9] uses the within-document frequency of terms for the estimation of
the indexing weights. The Darmstadt indexing approach (DIA), which has been under
development since 1978, at the TH Darmstadt, West Germany, is based on a more detailed
document representation (see Section 3). Its probabilistic parameters can be estimated
either by comparison with manual indexing or from retrieval results. A similar model was
suggested in [10].

In this article, we first give an outline of the DIA. All experiments presented here are
based on this probabilistic indexing approach. In the following sections, three models for

A related work by Norbert Fuhr was presented during the Pisa ACM SIGIR meeting September 8-10, 1986,
and appeared as “Two models of retrieval with probabilistic indexing” on pages 249-257 in “1986 — Conference
on Research & Development in Information Retrieval,” edited by Fausto Rabitti. This final version was submitted
January 19, 1988.
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retrieval with probabilistic indexing are described. As a generalization of the Maron and
Kuhns model, the binary independence indexing model is proposed. The retrieval-with-
probabilistic-indexing (RPI) model is a new model for retrieval with probabilistic index-
ing that is suited for different kinds of probabilistic indexing. Specifically, the probabilistic
parameters derived from manual indexing can be given an interpretation in this model and
can be related to the probability of relevance. This model is compared with a similar one
proposed by Croft [11].

Our experimental evaluation of the different models is described in Sections 6-8. How-
ever, since all our experiments use index terms from a controlled vocabulary, probabilis-
tic indexing for free text terms is still an open problem. In Section 9, we therefore conclude
by showing how the basic ideas of the DIA can be applied in this situation to estimate
probabilistic index term weights based on a more detailed document representation.

2. THE DARMSTADT INDEXING APPROACH

In this section, a brief description of the DIA is given (for further details, see [12-
14]). The DIA is a dictionary-based indexing approach for automatic indexing from doc-
ument titles and abstracts, with a prescribed indexing vocabulary. In the AIR retrieval test
{13] it was demonstrated that the DIA is suited even to broad subject fields such as physics.

The indexing task consists of two steps, a description step and a decision step. In the
description step information about the relationship between a descriptor s and the docu-
ment d to be indexed is collected. This information forms the decision base for the second
step, the estimation of the probability that the assignment of s to d would be correct.

The description step uses an indexing dictionary. The main part of the indexing dic-
tionary consists of a weighting function r(s, ), where the r(s, 1) approximates the prob-
ability P(C|s, ) that the assignment of descriptor s to a document that contains term 7
would be “correct.” Therefore, we regard correctness as an event that plays the same role
in the indexing process as does relevance in retrieval (see below). Terms can be singie
words, noun phrases, or formula identifiers {assigned to formulas by specific algorithms).

The description algorithm starts with the identification of terms in the text. As this
task cannot be done perfectly, each term is identified in a certain form of occurrence v,
where different forms of occurrence are associated with different levels of confidence (see
also Section 9). If a term 1 is identified in a document & and an entry r(s,¢) is stored in
the dictionary, a descriptor indication from 7 to s is generated. It contains

* the form of occurrence v of ¢t in d,
* the entry r(s,?),
# further information about s, ¢, and 4.

The collection of all descriptor indications from a document d leading to the same descrip-
tor s is called the relevance description y(s,d) of s with respect to d.

The decision step uses the relevance description y = y(s,d) to estimate the probabil-
ity P(C|y) that, if relevance description y is given, the corresponding descriptor assign-
ment would be correct. This estimation is done by the indexing function (). Different
methods for the development of indexing functions have been investigated for the DIA.
In [15] a probabilistic formula for this purpose is described. Here we will concentrate on
the polynomial approach developed by Knorz [12,16], which uses polynomial classifiers.
For this approach, the relevance description y is mapped to a description vector y. The def-
inition of this mapping has to be done heuristically [12,16]. Then a coefficient vector a is
computed such that a-y is an estimate of P(C|y).

The DIA is based on the concept of “correctness.” For the construction of the indexing
dictionary and the development of the indexing function, learning samples of documents
with correct descriptor assignments must be given. Within the DIA, no assumptions are
made about the kind of these samples. For pragmatic reasons, manually indexed docu-
ments were used for this purpose in the past. Now experiments with indexing functions
derived from relevance judgments for retrieval results have been made for the first time.
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In this case, the probability P(C|y(s;,d,)) can be used as an estimate for the probabil-
ity of the binary independence indexing (BII) model, the probability that document d,,, is
relevant to a request using descriptor s; in its query formulation (see next section).
Retrieval experiments of this kind are described in Section 8.

3. THE BINARY INDEPENDENCE INDEXING MODEL

The binary independence indexing model, which will be described here, is a general-
ized version of the Maron and Kuhns model. Every specific user request to a retrieval sys-
tem must be transformed into a query with descriptors from the set S = {s;,...,s,}. We
assume that a query can be represented as a binary vector x = (x,,...,xX,) with

{1, if the query contains descriptor s;
X =

0, otherwise.

In this way, a specific user request f; is mapped onto a vector x; (different requests may
have the same query vector).

The event space of the BII model consists of all document-request relationships
between the set of all documents in the collection and all requests to the system. As the
set of all requests is not completely known, we assume that we have knowledge about a
representative sample of it. A document-request relationship is either relevant or nonrele-
vant, which will be denoted by R and R, respectively.

The BII model seeks for an estimate of P(R|xy,d,,), the probability that the docu-
ment d,, is relevant to a request using query x,. Four versions of BII will be considered
below, based on application of the following three independence assumptions:

P(x) = [T P(x) 1)
i=1

P(xk|R7dm) = HP(xk,-lR’dm) (2)
i=1

P(xk|ﬁydm) = Hp(xk,v|ﬁ,dm)- (3)

i=1

All three assumptions relate to the distribution of descriptors in the queries. Formula (1)
says that the distribution of the descriptors in all queries is independent, whereas formulas
(2)/(3) say that the distribution of the descriptors is independent only in those queries
where the document d,, is relevant/nonrelevant to the corresponding request.

Using assumptions (1) and (2), we get the ranking formula BII1:

P(R|%¢,dy) = P(R|dy) -] LR 1%k Im)

L1 TP(RIdy) “)

Here P(R|d,,) denotes the probability that d,, is relevant to an arbitrary request, and
P(R|x;,,dy) is the probability that document d,, is relevant to an arbitrary request that
contains descriptor s; in its query (x;, = 1) resp. where s; is not present in the query

(xkl. = 0).
With (3) instead of (1), we get the odds formula BII2, where O(X) = P(X)/P(X):

O(R|%¢,dp) = O(R|dy)-T] SR e2 drm)

= TO(R|dy) ©)
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In the original model of Maron and Kuhns, the following simplifying assumption was
made implicitly:

H P(x; =0)= [ P(x;, =0|R,d,) (6

{
A, =0 A

This means that the relevance of a document with respect to a request depends only on
those descriptors that are present in the query, and not on those descriptors that the query
does not contain.

With (1), {2), and (6) we get the original ranking formula of Maron and Kuhns, which
we call BII3:

P(R{Xk[ = Ivdm)
P(R|d,)

P(Rixk,dm} :P(Ridm) II
‘\'A’l::l

If we use assumption (3) instead of (1) together with (2) and (6), we get the ranking for-
mula Bll4:

(8)

O R i = Ldm
ORIk, ) = O(R|dn)- 1 (S’EEM ) >

g, =0

The probabilistic parameters required for an application of the BII model can be esti-
mated on the basis of the DIA (see Section 7). In Section 8, we give experimental results
for the different ranking formulas of the BII model in comparison to the other models dis-
cussed in the following.

4. A GENERAL MODEL FOR RETRIEVAL WITH PROBABILISTIC INDEXING

The retrieval-with-probabilistic-indexing (RPI) model described here is similar to the
so-called 2-Poisson-independence (TPI) model described in [17]. The main difference
between the TPI model and the RPI model is that the RPI model is suited to different
probabilistic indexing schemes, whereas the TPI model is an extension of the 2-Poisson
model for multiterm queries. The TPI model makes use of the specific assumptions of the
indexing model, so that for any other indexing model a new retrieval model would have
to be developed.

We assume that the event space of the indexing model consists of document-descriptor
relationships (ddr), and that a specific ddr is either correct or not. The concept of correct-
ness can be regarded as a pragmatic standard, which differs from one indexing model to
another: For most applications of the DIA, manual indexing forms this standard. The
model proposed in [10] is also based on manual indexing. In the 2-Poisson model, correct-
ness is replaced by the relevance of the document to all queries containing only the descrip-
tor considered, and in the BII model the relevance to queries containing this descriptor is
regarded.

The RPI model deals with request-document relationships, so its central concept is
“relevance.” To link the two concepts “relevance” and “correctness” together, the RPI
model needs additional relevance information about the relationship between a request and
the correctness of certain descriptors, that is the relationship between a request and (hypo-
thetical) documents with a certain correct indexing. The event space of the RPI model is—
in principle —the same as that of the BII model: all document-request relationships are
regarded. In contrast to the BIl model, the RPI model is able to distinguish between dif-
ferent requests using the same query formulation. However, as any retrieval system has
restricted knowledge about a request, the notation f; used in the probabilistic formulas
below does not relate to a single request but stands for a set of requests about which the
system has the same knowledge. Equally, d,, relates to the system’s representation of
documents.
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To give a more explicit definition of the event space of the RPI model, let F denote
the set of all requests and D the set of all documents in the collection. Then the event space
is the Cartesian product F X D, where each element (document-request pair) has a rele-
vance judgment and the correct indexing of the document (a set of descriptors) associated
with it. We can extend this event space from binary to weighted indexing by assuming that
we have a fixed number of binary indexings for every document. For example, one could
have a group of indexers where each of them has to index every document. Let / be the
set of indexers, then the event space is the Cartesian product F x D x I. Associated with
every element of this event space is a relevance judgment and the set of descriptors assigned
by the indexer. However, to keep the following explanations simple, we will relate to the
first version of the event space.

An event, a document-request pair, is regarded with respect to correct indexings. For
that we use the binary vector x = (xy,...,X,) where each component corresponds to an
element of the set of descriptors S. Here x; = 1 stands for the event that the correct index-
ing of a document contains descriptor s;, and x; = 0 in the contrary case. Using this nota-
tion, the probability of correctness estimated by the indexing model can be written as

P(x; =1|d,y) = P(C|s;,dp).

The relevance relationship between a request f, and the set of documents with a descrip-
tor s; correctly assigned is described with probabilities of the form P(R]x;, fi), that is the
probability that a randomly selected document to which s; was assigned (x; = 1) resp. not
assigned (x; = 0) correctly is relevant to request f,.

We denote the set of all possible correct indexings as X, where | X| = 2". Now we
regard the document-request relationship between d,, and f; with respect to all indexings
X € X. For the probability of this event we get

P(R| fisdm) = 25 P(RIX, f¢)-P(x|dy). ®

xex

Now we apply Bayes’ theorem:

P(x|R, fi)
P(R|fi,d) = 3 P(R|f) - A% Jk)
(R fisdm) XZ_;Y (R]f¥) PKI S

P(x|dy). (10)
Equation (10) is a general formula for retrieval with probabilistic indexing. Here all depen-
dencies between descriptors can be considered. Before we apply some independence
assumptions to simplify this formula, let us have a short look at the different probabili-
ties involved here: P(R| fy) is the probability that a (randomly selected) document would
be relevant to request f;. As this probability is constant for one request, there is no need
for its estimation when only a ranking of documents for this request is desired. P(x|R, fi)
is the probability that a relevant document (w.r.t. f;) has the correct indexing x. The
probability P(x| f;) = P(x) is independent of the specific request; it stands for the prob-
ability that a (randomly selected) document has the correct indexing x. Finally, P(x|d,,)
is the probability that the indexing x is correct for document d,,,.

Now we will make three independence assumptions. As eqn (10) is a general formula
for retrieval with probabilistic indexing, it would also be possible to make assumptions that
include certain dependencies between descriptors.

P(x{d,) = [T P(xi|dn) (11)
i=1
P(x) = [[P(x) (12)

i=1

P(x|R, fi) = [[ P(xi| R, fi)- (13)
i=1
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With (11), we assume that the correctness of a descriptor in a document is independent of
the correctness of other descriptors within the same document. This assumption refers to
the underlying indexing model; all indexing models mentioned are based on this assump-
tion. Assumption (12) says that the distributions of correct descriptors within the docu-
ments are independent of each other. For the relation between relevance and correctness,
we assume with (13) that the correctness of a descriptor in a (randomly selected) document
that is relevant to a request f, is independent of the correctness of other descriptors in this
document.
With these assumptions, we get from eqn (10):

o P(x| R, fi)

P(R‘fkadm) :P(Rtfk) z H 'P(Xi‘dm)- (14)
xeX =1 P(xi)
This can be transformed into
" P{x; = 1R, fi
P(R| firdy) = P(R| i) 11 (ﬁ—-——’—fﬁ P(x, = 1]d,,)
i=1 Plx; =1)
P(X,?OlR,f/\) .
=0 Pte= O!dm>). (15)
With the following notations:
P = P(x; = llefk)
q;=Plx;=1)
uim = P(xi = 1idm) = P(Clsi)dm)
we get
" Pi I -p;
P(R| fedw) = P(R| )11 (%ﬁ Ui + T‘“‘?f (- u,-,n)). (16)
i=1 i - Yy

In this formula, only descriptors s; with p; # ¢, have an influence on the resulting prob-
ability P(R| f¢,d,,). Therefore, we can conclude that the query formulation for f; should
exactly contain all these descriptors, which we will denote as set /7. From the point of
view of the indexing model, descriptors with a probability P(Cls;.d,,) = 0 are not
assigned to a document. Therefore, let d3 be the set of descriptors with u;, > 0.

Using these two sets of descriptors, we can simplify eqn (16), thus getting the rank-
ing formula RPI1:

‘ — p, | — p;
P(R|fidn) = P(R|f)- 11 (&um«}——ﬂu—uim)- o —2 amn

siesindgs, \ 9i 1-aq serinay 1 — @

By analogy to Maron and Kuhns’ indexing formula, we can make another simplifying
assumption: the relevance of a document with respect to a request is not affected by
descriptors that occur in the query formulation only but not in the document’s indexing:

I1 Px;=0|R.fi)= ][] P(x,=0). (18)

siEfENd siefiNds,



Models for retrieval with probabilistic indexing 61

In this case the second product of formula (17) is approximately 1. Therefore, it can be
omitted, and we get the ranking formula RPI2:

Pi 1= Pu ) (19)

P(lek’dm) =P(R|fk) H ( Ui + — (1 - uim)

siefsnas \ di 1 —g;

To apply the ranking formulas RPI1 or RPI2, the parameters p; and g; must be esti-
mated in addition to the indexing weights u;,, which come from the indexing model. The
values ¢; can be derived from the indexing weights in the document collection D:

u.
g =Px=1= —. (20)
2, D]

The parameters p;; are request-specific. They can be estimated by using relevance feed-
back information from a small set of documents D’. Let w,, be the value of the rele-
vance judgment of d,, with respect to f; with w,,, = 1 if the document is relevant and
W, = 0 otherwise. Then we can use the following estimation:

E Uim Wik
d,€D’

D = P(x; = 1|R, fy) =

Wink
dmeD’

The formulas given above only show how the parameter estimation should be done in prin-
ciple. Of course, better estimates are possible. We will discuss this problem in a forthcom-

ing paper.

5. CROFT’S EXTENSION OF THE BINARY INDEPENDENCE RETRIEVAL MODEL

The well-known binary independence retrieval model (BIR) [2,3] is a probabilistic
retrieval model suited to a binary indexing of documents. Croft developed an extension of
this model for the combination with weighted probabilistic indexing in [11], and evaluated
it later [18]. Here we will give a short description of these models and compare Croft’s
model with the RPI model.

In the BIR model, a document d,, is represented by a binary vector x, =
(Xm,s - - - »Xm,) Where x,, = 1(0) if the descriptor s; € S = {sy,...,5,} has (not) been
assigned to the document. Among the different forms of the BIR model described in [3],
we will only regard the most widely used one:

P(lek)xm) —
P(R|fksxm)

P(xmerfk)

O(R| fiXm) = P(X,| R, fi)

O(R| fe) -

Here odds are used instead of probabilities. O(R] fy,X,,) is a monotonic function of
P(R| fy,Xm), the probability that a document represented by the binary vector x,, is rele-
vant to the request f;. As O(R|f;) is constant for one request, it can be omitted if only
a ranking of the documents for the request is needed. For ease of computation, the loga-
rithm of the remaining factor is regarded, which is usually denoted as g(x). (The exact
notation should be g, (x,,), because g(x) is a specific function for the actual request f;
and x = x(d,,) = X,,.) Note that we still have a monotonic function of the probability of
relevance P(R| f¢,X:n).

With the assumptions that the descriptors are distributed independently in all relevant
and all nonrelevant documents we get:

P(xmlR’fk) _1 ]_—nI P(xm,-|R’fk)

) =1 Sik) 2K
g =log o RS B Bx RS0

IPM 25:1-E
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After doing some simplifications (see e.g. [11]), we end up with

pik(l = Qi) V— pi
g(x) = 2} X, log ————m 4 2 log ———, (21)
sefd qy‘k(l - Pie)  sefp I — gy

where py = P(x,, = R, fi)s Gix = P(Xn, = 1|Rafk)’ and py = qy for all 5; & 7, the set
of query terms. The second sum of this function is a constant C; for a specific query and
therefore does not affect the ranking of the documents. So g(x) can be thought of as a sim-
ple linear matching function where each search term has a weight

log Dl — qy) .
G (1 — Pi)

The basic idea of Croft’s extension to this model is to use the probabilistic index term
weights for the computation of the expected value of the above ranking function g(x),
ranking documents according to this value £{g(x}].

For this purpose, the binary weights x,, are replaced by the probabilistic weights
P(x,, = 1) = u,,, thus getting the ranking function EGX:

w1~ gy
Ele®)] = 3 ty,-log 2602 90) 4
swerd q{k(l — Pi)

In our experiments, we regard two simplified versions of this ranking function (see also
Section 7). First, only estimates for the g, s are given while a global value p for the pys
is assumed. In this case, we get

I
E[g(x)] = Z u!m q + Z Uy iOg + Ck (22)
siefi ik sefy
1
= 2 uim + Cp Z Ui + C/n (23)
sefi ik seff

with C, = log[p/(1 — p)]. This simplification (already derived in [18]) also shows that the
contributions from the term weights p, and g, to the value of E[g(x)] can be separated.

Our second application of the EGX formula uses global estimates for the gs as well
as for the pys. For this, we can further simplify eqn (23) to

E[g(x) C E uim + Cln (24)

SEA

where C = log[q/(1 — ¢)] + log{ p/(1 — p)]. Here the choice of the constant C (which
should be positive, of course) does not affect the ranking of the documents. So the EGX
models says that in this case, documents should be ranked according to their sum
Es,ef‘S Uim-

Although the EGX model uses the same information as the RPI model, its deriva-
tion is simpler and the ranking formula is less complex. But this approach has a major
deficency: its ranking value E[g(x)] is not a monotonic function of the probability of rel-
evance P(R| fi,d,,) because of the logarithmic transformation used in g(x). The crucial
point is that

P(dmlR’fk)) (P(dmlR,fk))
Eilog ——x—= log E{ ———=— 1.
<Og P(dm|R3fk) * °8 P(dmiR’f/\'),
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The fact that the ranking resulting from E[g(x)] is not based on the probability ranking
principle can be illustrated by an example. Suppose that we have in a collection D two dis-
joint sets of documents D; and D,, where the documents within each set have the same
representation so that they get the same rank by application of a ranking function based
on this representation. For an actual request f;, a decision has to be made whether to
rank set D, or D, higher. Let us further assume that each set D; can be divided into two
subsets D;; and D;, and that we have knowledge about the distribution of relevant and
nonrelevant documents within each subset as shown in Table 1.

Obviously, the documents from D, should be given the higher rank: for a randomly
selected document from D, the probability of relevance (40/80) is higher than that of a
document from D, (39/79). We get the same ranking from regarding the values of g(x),
which are zero for D, and negative for D,. But when we use the knowledge about the
subsets for the computation of the values of E[g(x)] for the two sets D; and D,, we get

70 10 70 39/79 10 1/79
E(g(D) = — -g(D — -g(Dp) = —-log—— + — -log — = —0.07
(g(Dy)) 30 g(Dy) + 30 g(D,;) 20 og 31780 T 80 og 9780
69 10 69 30/79 10 9/79
E(g(D,)) = ——-g(Dy) + —— - g(Dyp) = log ——— + — -log —— = 0.05.

—_ +
79 79 79 °8 39/80 79 1/80

This means that the ranking function E[g(x)] does not yield a ranking according to the
probability ranking principle!

6. TEST SETTING

For the experiments described in the following, the collection from the AIR retrieval
test [13] was taken. As this test used Boolean search formulations (without NOT opera-
tors), retrieval was made in two steps. In the first step, conventional Boolean retrieval with
queries from the AIR test (which included descriptors only) was performed. For these
retrieval runs, a very broad unweighted document indexing was chosen by applying a
cutoff-value of 0.01 to the weighted indexing called A1 in [13], which is based on the poly-
nomial approach (in the AIR test a cutoff-value of 0.12 had been used). In the following,
we only regard the sets of output documents selected this way. The second retrieval step
is performed for every ranking formula considered, thus ranking the documents selected
once by the first retrieval step. The queries for the application of the ranking formulas con-
sist of the sets of descriptors from the corresponding Boolean queries.

In the first retrieval step, only 244 from the original 309 queries of the AIR test had
nonempty answer sets. These 244 queries were divided randomly into three samples named
A, B, and C. Samples B and C were used for parameter adaption only (see next section)
and sample A was taken for the ranking experiments. Sample A includes 79 queries that
retrieved 2,835 documents altogether from the collection of 14,956 documents; the distri-
bution of answer sizes is shown in Table 2. The relevance judgments of the answer docu-
ments are values from the relevance scale listed in Table 3 (in the original test collection,
there were some documents judged as “nondecidable,” which have been removed from the
answer sets regarded here).

Table 1. An example where E[g(x)] gives a ranking different
from that of the probabilistic ranking principle

D, D,
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Table 2. Distribution of answer sizes in sample A

Retrieved documents Number of
per query queries

1 8

2-5 16

6-10 11

11-20 16

21-50 13
51-100 10

>100 5

Table 3. Relevance scale

Relevant

Conditionally relevant/more relevant
Conditionally relevant

Conditionally relevant/more irrelevant
Irrelevant

Digressive

For evaluation, we use the normalized recall measure as defined in [19] for multistage
relevance scales. This measure only considers documents in different ranks and with dif-
ferent relevance judgments. A pair of these documents is in the right order if the document
with the higher relevance judgment comes first; otherwise it is in the wrong order. Let S
be the number of document pairs in the right order, S~ the number of those in the wrong
order, and S;f,, the number of documents in the right order for an optimum ranking. The
normalized recall is then defined as follows:

+ _ o-
Rnorm = l 1+ LS’_—i .
2 Sr:;ax

A random ordering of documents will have an R, value of 0.5 on average. For the
cases with S, = 0 we defined R, = 1. Because of the large scattering of the answer
sizes, we use a second average method besides the macro average R ..: the micro-macro
average R™,,, is a weighted average with respect to the answer sizes. Let n; be the answer
size of retrieval result A;, then the micro-macro average of R, for a set of  queries is
defined as:

e
Z ni'Rnorm(Ai)
f=1

Riom(Ay, ... ,4,) = ————————

n;

™-

1

[

For 12 of our 79 queries (which retrieved 43 documents altogether), the value of SJ,,
equals 0 and so any ordering of documents will have a value of R, = 1 according to the
definition given above. As a consequence of this, the average Rpom-values for random
ordering of our test collection are R, = 0.505 and R}, = 0.576.

We use the multivalue relevance scale for evaluation because this yields a finer mea-
sure of differences in retrieval quality. In [20], it is proved that —under certain conditions—
a ranking on the basis of probability of relevance also yields a good ranking according to
the degree of relevance. Some experiments not described here have shown that the differ-
ence between retrieval results remains the same, whether a binary or a multivalue relevance
scale is used for evaluation [21].
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7. ESTIMATION OF PROBABILISTIC PARAMETERS

To apply the ranking formulas described above three kinds of probabilistic parame-
ters have to be estimated: (1) weighted indexing for all formulas; (2) for the BII model,
request-independent document weights; and (3) search term weights for the RPI and EGX
models.

Table 4 shows how the different samples were used for estimation of parameters for
each of the models under consideration. Sample X and the AIR collection are disjoint sets
of documents, while samples B and C (as well as A) are subsets of the AIR collection. With
the parameters, we have denoted the cases where they are estimated for one of the index-
ings (i.e., Al or 11 as described below) only or where global values are estimated instead
of request-, document- or descriptor-specific ones. The estimation process for the differ-
ent parameters is described in detail in the following.

We have developed two kinds of probabilistic indexing for the experiments described
in the following. Both indexings are based on the DIA as described in Section 3. For the
development of the indexing function, the polynomial approach has been applied. The two
indexings differ in the definition of correctness to which the probabilistic parameters relate:

¢ Indexing Al was taken from the AIR retrieval test. The indexing function was
derived from manual indexing [22] using a learning sample of 1,000 documents with
about 24,000 relevance descriptions.

¢ Indexing I1 was adopted on the basis of the retrieval results of the query sample B.
According to our application of the BII model, for each descriptor of the query the
assignment to a document is assumed to be correct if the document is either judged
to be relevant or (one of the three forms of) conditionally relevant on the relevance
scale used; otherwise the assignment of this descriptor is false. As there were only
2,822 documents in this sample, this means that there are only 2,822 independent
decisions on the basis of which the polynomial approach can be adopted. Therefore,
this indexing cannot be optimized as much as Al. The formulas BII1 and BII2 addi-
tionally require “absence weights” P(R|x; = 0,d,,) for descriptors of a document
that do not occur in the query. For I1, these indexing weights were estimated in the
same way as for the descriptors that were both in the document and in the query.

The request-independent document weights P(R|d,,) also were estimated using the
polynomial approach. For this purpose, sample B was used again. The DIA was varied in
the way that all descriptor indications from one document formed one “relevance descrip-
tion,” which is judged to be correct only if the document is relevant (or conditionally rele-
vant) to the current request. For the search term weights p;, and g; of the RPI model and
Pi and g of the EGX model, two kinds of estimates were used:

Table 4. Estimation of probabilistic parameters on the
different samples used

Model
Sample Sample size BII RPI EGX
X 1,000 P(R|x,, = 1,d,)™ upp,! uip!
AIR coll. 14,956 g qi!
B 2,822 P(R|xy,,d,)" ull ul)
P(R|d,)"
C 2,819 P(Rldm)global pigklobal

global
qik
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* In most of the experiments, global estimates for these parameters were applied, that
is, all terms have the same parameter values. In contrast to the EGX model [see eqn
(24)], different parameter combinations with p > g will yield different ranking
results for the RPI model in this case. But here also the estimation of these param-
eters is not critical. In test runs with varied parameters on sample C we found that
different pairs (p, q) lead to nearly equal retrieval results. For the experiments, the
values p = 0.20 and g = 0.15 were selected for both indexings.

® For the ranking formulas denoted with the suffix IDF in the following, inverse doc-
ument frequencies were used as estimates for parameters g; and g;, while again
global values were taken for the p;.s, choosing the best values from some test runs
on sample C. This approach has been successfully evaluated for the EGX model in
[18]. We found that for both models different definitions of the IDF weights
(counting the number of documents vs. summing up the index term weights, apply-
ing different cutoff values before counting/summing, division by the number of
documents in the collection vs. division by the largest term frequency/weight sum)
had no influence on the retrieval results, and also any p value in the range of
0.4 . . . 1 gave nearly equal results.

No results of experiments with search term weights based on relevance feedback data are
given here because there was no appropriate test sample available (see also [23]).

8. EXPERIMENTS

With the different ranking formulas, experiments were made using sample A of the
test collection. The results are given in Table 5. Experiments 1-13 deal with the BII model.
In experiment 1 only the document weights were used for ranking, and it can be seen that
these document weights are in fact useful for document ranking. But the results of exper-

Table 5. Results of experiments

No. Formula Doc. weight Indexing RM R
0 Random ord. 0.576 0.505
1 Doc. weight P(R|d,,) 0.637 0.541
2 BIl1 P(R|d,,) It 0.569 0.495
3 BII2 P(R|d,,) 11 0.581 0.493
4 BII3 P(R|d,) [ 0.662 0.649
5 BIl4 P(R|d,,) 11 0.671 0.657
6 BIl1 0.5 11 0.657 0.552
7 BII2 0.5 1 0.657 0.545
8 BII3 0.5 I1 0.733 0.700
9 BII4 0.5 11 0.732 0.702

10 BII3 0.5 Al 0.732 0.685
11 Bll4 0.5 Al 0.716 0.676
12 BII3 0.2 Al 0.740 0.693
13 Bll4 0.2 Al 0.751 0.700
14 RPI1 1 0.726 0.704
15 RPI2 [1 0.729 0.701
16 EGX I1 0.728 0.700
17 RPII Al 0.768 0.735
18 RPI2 Al 0.762 0.721
19 RPI1/IDF Al 0.690 0.626

20 EGX Al 0.769 0.733

21 EGX/IDF Al 0.769 0.731

22 Cosine 11 0.709 0.701

23 Cosine [1/bin 0.677 0.628

24 Cosine Al 0.769 0.731

25 Cosine Al/bin 0.740 0.688
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iments 2-5 show that those estimates of P(R]d,,) are not suitable for the application of
the BII model. For experiments 6-9, the document weights estimated as described above
were replaced by 0.5, the average value of the estimates of P(R|d,,), and this leads to
much better results. At the moment these results cannot be fully explained. We suppose
that the document weight P(R|d,,) and the indexing weights P(R|x;,d,,) are too depen-
dent on each other, so that their combination in one formula (based on the assumption that
they are independent) does not work. The other remarkable result from experiments 2-9
is that formulas BII3 and BII4 work significantly better than BII] and BII2. The differ-
ence between these formulas is that BII1 and BII2 also consider the descriptors of a doc-
ument that do not occur in the query, whereas formulas BII3 and BII4 are restricted to
those descriptors that document and query have in common. Other experiments in which
only a few descriptors with extremely high or low estimates of P(R|x; = 0,d,,) were con-
sidered did not show any improvement over the results for formulas BII3 and Bl14. There-
fore, it can be concluded that the “nonasked” descriptors (occurring in the document only)
do not have any influence on the probability of relevance. Comparing the results of the
probability- (BI11, BII3) and the odds-formulas (BII2, Bll4), there is nearly no difference.
This means that the Maron and Kuhns formula BI13 is an approach for the probabilistic
indexing that cannot be improved by other assumptions of the BII model.

The R,.m-values of experiments 10 and 11 show that this approach does not work
well with indexing Al: although the indexing quality of Al is better than that of I1 (see
below), the ranking results are worse. The reason for this result is that the probabilistic
weights of Al are related to the concept of correctness derived from manual indexing
rather than to the concept of relevance, according to our definition of “relevant” on the
multistage relevance scale. (The latter concept is the basis for the global estimate of 0.5 for
P(R|d,,).) To find an estimate for P(R|d,,) that is better suited to the indexing weights
of Al, we performed some retrieval runs with different values for this parameter on sample
C. In experiments 12 and 13, we get slightly improved results with the new choice for
P(R|d,).

The results of the experiments with the RPI model are also listed in Table 5. Obvi-
ously, indexing Al fits better to the RPI model than to the BII model. The sign test shows
a significant difference between the results of experiments 13 and 17 at a confidence level
of 99%. For indexing I1, nearly the same results as with the BII model are obtained. This
demonstrates that the RPl model can be applied to different kinds of probabilistic
indexing.

The results of the ranking functions of the RPI and the EGX model for indexing Al
are significantly better (sign test: >99%) than those for I1. As mentioned before, this dif-
ference in the indexing quality probably depends on the relatively small learning sample
available for the development of I1.

The two RPI functions and the EGX function (without IDF weights) provide nearly
identical results. To all appearances, the theoretical deficiency of the EGX model does not
have any consequences on its retrieval effectiveness. When IDF weights are used, it per-
forms significantly better than the RPI model. It seems that the RPI model is not suited
to the use of IDF weights in combination with global p values. The reason for this might
be that the RPI formula cannot be separated in the same way as the EGX formula (23)
where the g;s contribute independently from the p value to the ranking value. On the
other hand, the EGX/IDF function does not perform better than the function without IDF
weights in our experiments. This result is different from those described in [18] and [24],
where significant improvements were gained with the usage of IDF weights. We assume
that this is caused by the different kinds of query terms (controlled vocabulary vs. free text
terms) and indexing scheme (DIA vs. simple weighting scheme) (see also [23]). In the DIA,
all available information about a descriptor is collected in the relevance description and
contributes to the estimation of the probabilistic index term weight. Therefore, the IDF
weight bears no additional information about the term and thus cannot improve retrieval
effectiveness.

In experiments 22-25, the cosine measure was used for document ranking. For the
cases with weighted indexing (i.e. 22 and 24), there is no great difference from the results



68 NorBERT FuHR

obtained from probabilistic indexing procedures. Although the application of the cosine
measure might be easier, the probabilistic models have the advantage of being more trans-
parent, because the underlying assumptions are made explicit.

To show the benefit of using weighted instead of binary indexing for retrieval, exper-
iments 23 and 25 were made with binary indexings. These indexings were derived by apply-
ing optimal cutoff-values (estimated on sample C) to the corresponding weighted indexings.
For both indexings, we get significant worse (sign test: >99%) results. This statement also
holds for other ranking functions not discussed here: in any case, we get significant
improvements of retrieval effectiveness when weighted indexing is used instead of binary
indexing.

9. PROBABILISTIC INDEXING WITH FREE TEXT TERMS

Although the experiments described above have shown the superiority of weighted
over binary indexing, there is still the problem of estimating the probabilistic index term
weights in the case where no controlled vocabulary is used. Over the years, different
attempts have been made to derive these weights from the within-document frequencies of
the terms (see e.g. [18,25,26]), and significant improvements of retrieval quality were
gained. But for the only probabilistic approach to solve this problem, the 2-Poisson model
[7-9], no improvement over binary indexing could be shown [17,27]. Obviously, the basic
assumptions of the 2-Poisson model are inappropriate.

Here we propose a new approach for the estimation of index term weights that is
based on the concept of the form of occurrence (FOC) from the DIA [14]. This concept
is more powerful than the approaches mentioned before. The basic idea is that the task of
identifying terms in a document cannot be done perfectly. Instead of having a single def-
inition of term occurrence that serves as a basis for the decision whether a specific term
is identified in the actual document or not, we allow several such definitions that we call
FOC, where different FOCs correspond to different levels of confidence. Actually, the con-
cept of FOC comprises two aspects: (1) the certainty with which a term is identified, and
(2) the significance of a term with respect to the document. These two aspects cannot
always be separated exactly —there is also no need for it.

In the development work based on the DIA, different parameters for the definition
of FOCs have been investigated and shown to be useful. (Only a few attempts have been
made to assign explicit weights to specific FOCs, because the concept of the DIA is such
that the assignment of weights is postponed until all available information has been
gathered in the description step.) For the intended application, the process of assigning a
probabilistic weight to a term in a document works as follows: first, the FOC of the term
within the document is determined, and then the term is given the weight belonging to this
FOC. For the estimation of the FOC weights, the conceptual framework of the RPI model
forms a useful guideline: a small learning sample is needed from which the decision about
the correctness of (free text) terms w.r.t. documents can be derived. Then for each FOC
the ratio of “correct” terms (which we call the precision of the FOC) can be estimated.

In the following subsections, we describe some relevant parameters for the definition
of FOCs.

Term class

In the applications based on the DIA, up to three term classes have been distinguished:
single words, noun phrases, and formula identifiers. Not only is it appropriate to have
quite different FOCs for distinct term classes (see below), for equivalent FOCs of two term
classes it is also possible to estimate different precision values. Another criterion for the
definition of term classes might be the document frequency of the terms.

Word stemming

For the application of the DIA, two types of word stemming have been used. (In [28],
three word stemming algorithms are compared with respect to their influence on retrieval
quality. In contrast to our approach, the different stemming algorithms are only used for
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a binary identification of terms, so no term weighting (in the form discussed here) is per-
formed.) In addition to the stemming widely used in experimental work in information
retrieval, we also regard the “basic form” of a word, which is the infinitive of verbs and
the singular of nouns. Table 6 shows some of these basic forms and full word forms for
the word stem “comput.” Of course, the FOCs based on the basic form have a higher pre-
cision value than those using the word stem only.

Distance or grammatical structure of noun phrases

The identification of noun phrases in a text is a difficult task. In our experiments, two
different approaches to solve this problem have been shown to be useful. In the first
approach, where several formal parameters (e.g. word sequence, sentence boundary) were
investigated, only the distance between the first and the last component of the noun phrase
in the text provided a useful basis for the distinction of FOCs with different precision val-
ues. The exact definition of the distance measure did not have a significant influence on
the results. The second approach is based on the grammatical structure of the noun phrases
in the document. Therefore, a partial parsing (based on word classes that are a byproduct
of the stemming algorithm) of the noun phrases is performed. We found that in this
approach we get more significant differences between the precision values for different
FOC:s than in the approach based on the distance measure. In contrast to the usual appli-
cation of parsing, where only a binary decision about the occurrence or nonoccurrence of
a noun phrase is made, our approach yields more useful information about the certainty
of identification.

Location within the document

This seems to be one of the most important parameters for distinguishing FOCs lead-
ing to significant differences in precision values. In the experiments based on the DIA, the
documents only consisted of titles and abstracts, but the distinction between these two loca-
tions proved to be extremely useful (see below). In actual databases, documents have quite
a number of parts (e.g. subject headings, controlled terms, classification, journal title) in
which a free text term can be identified.

Within-document frequency

In the absence of appropriate models for the distribution of terms within a document,
the absolute number of occurrences of the term can be used as a criterion to distinguish
different FOCs. Alternatively, one could also compute some ratio (e.g. if there is a great
variation in the length of the documents) and distinguish intervals of this ratio. The advan-
tage of this method in comparison to the nonprobabilistic approaches cited above is that
in every case we have probabilistic weights for the different FOCs.

To illustrate the last two concepts, let us have a look at the FOCs for single words
shown in Table 7. The “location” means that either at least one occurrence of the word

Table 6. Some basic word forms and full word forms
of the word stem “comput”

Word stem Basic word form Full word form
Comput Compute Compute
Computed
Computes
Computing
Computer Computer
Computers
Computerize Computerize
Computerized
Computerization Computerization
Computation Computation

Computational

Computational
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Table 7. FOCs for single words in their basic torm

FOC
Location wdf P P{Civ)
Title >1 0.157 .36
Abstract e 0.489 .15
Title =3 1.053 0.39
Title =2 0.067 .38
Title =1 (.038 0.30
Abstract =3 0.030 0,22
Abstract =2 0.071 0.19
Abstract =1 0.392 013

is in the title (location = title) or that all occurrences are within the abstract (location =
abstract), and wdf relates to the within-document-frequency ot the word. The precision val-
ues are derived from the comparison with manual indexing within the application of the
DIA (on a test sample with 24,000 relevance descriptions). P(v) is the probability that the
specific FOC v occurs in a random relevance description, and P(C|v) is the probability
that such a relevance description leads to a correct descriptor assignment. For example, the
first entry in Table 7 reads as follows: 15.7% of all relevance descriptions contain an FOC
where the word occurs at least once in the title, and 36% of these relevance descriptions
lead to correct descriptor assignments. There is a significant difference between words in
the title and those in the abstract, while the within-document frequency has little influence
on the precision values P{(C|v). The wdf values are relatively small because we regard the
basic word forms here.

For an application of the FOC concept, there is still the problem of how to combine
the parameters described above (or additional ones) for the definition of FOCs. The cru-
cial point is that all occurrences of a term in a document have to be comprised in a sin-
gle FOC. Therefore, the development of appropriate FOCs has to be done experimentally.
A very simple approach would be to define heuristically several classes of FOCs (as in the
example above) and estimate the precision values ot each class from a learning sample. But
the results from the work with the DIA also can be applied here: one can regard the com-
plete information about the occurrence of a term ¢ in a document  as a relevance descrip-
tion y = y(#,d) and then apply the methods cited in Section 2 for the development of an
indexing function a(v).

It is obvious that the definition of the FOCs and the estimation ot the weights (the
development of the indexing function) depends on the document collection. This is the
main advantage of the FOC approach: instead of defining an abstract weighting scheme,
the definition of FOCs allows the estimation of the correct probabilities. While the first
approach can be verified only indirectly by regarding its retrieval effectiveness, in the FOC
approach every probabilistic weight has an explicit notion, and there are theoretical models
indicating how these weights should be combined in the retrieval function.

10, CONCLUSIONS

The experimental results described in this article show that probabilistic indexing can
successfully be used for ranking procedures, and that significant improvements over
retrieval with binary indexing are achieved. The DIA has been used as a basis for the appli-
cation of different probabilistic indexing models: with the DIA, it is possible to estimate
probabilistic indexing weights required for the Maron and Kuhns model, and it has been
shown that this model yields good ranking results. Here it should be emphasized that the
indexing dictionary that has been used for the development of the 11 indexing (based on
retrieval results) was the same as that used for Al, for which both the indexing diction-
ary and the indexing function were derived from manually indexed documents. At the
moment, there is no possibility to build up a dictionary on the basis of retrieval results
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because there is not enough data available. But all the ranking results confirm that the esti-
mation of the probabilistic parameters on the basis of manual indexing, the approach that
has been chosen for the experiments with the DIA so far, is a practical and successful
method for the development of automatic indexing systems.

A major advantage of the BII model has not been mentioned before: in contrast to
all other probabilistic indexing and retrieval models, the BII model yields direct estimates
of the probability of relevance for a given request-document pair. In other models, there
are too many probabilistic parameters that would have to be estimated for the computa-
tion of this probability, so only a ranking of the documents is performed. We think that
the estimation of the probability of relevance would be a useful feature of a system based
on probabilistic retrieval because this information could give the user some notion of the
retrieval quality of the documents retrieved.

For the RPI model it has been shown that this model is suited to different kinds of
probabilistic indexing. It is more flexible than the BII model because it works with two con-
cepts: “correctness” as a basis of the underling indexing model, and “relevance” for the
retrieval parameters. In addition, the RPI model provides the possibility of assigning prob-
abilistic weights to the search terms.

The EGX model developed by Croft is very similar to the RPI model and gives nearly
identical experimental results. In contrast to the RPI model, it also can be applied when
only IDF weights are available. However, the EGX model is not a probabilistic retrieval
model in the original sense because it is not based on the probability ranking principle.

Although all experiments in this article are based on probabilistic indexing with
descriptors from a prescribed vocabulary, we think that there is some possibility that the
models proposed here might also work successfully with probabilistic indexing for free text
terms. The concepts developed within the DIA seem to be easily transferable to this situ-
ation, providing two main advantages over comparable approaches: a richer and more
detailed document representation and an explicit probabilistic weighting scheme without
unrealistic assumptions.
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