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Abstract

We distinguish model-oriented and description-oriented
approaches in probabilistic information retrieval. The
former refer to certain representations of documents and
queries and use additional independence assumptions,
whereas the latter map documents and queries onto fea-
ture vectors which form the input to certain classifi-
cation procedures or regression methods. Description-
oriented approaches are more flexible with respect to
the underlying representations, but the definition of the
feature vector is a heuristic step. In this paper, we
combine a probabilistic model for the Darmstadt Index-
ing Approach with logistic regression. Here the prob-
abilistic model forms a guideline for the definition of
the feature vector. Experiments with the purely the-
oretical approach and with several heuristic variations
show that heuristic assumptions may yield significant
improvements.

1 Introduction

Probabilistic retrieval functions aim at the estimation
of the probability P(R|qk, dm) that a document d,,, will
be judged relevant by a user with request ¢gx. A large
number of probabilistic models have been developed
for this problem, differing in the assumptions about
the representation of queries and documents and about
the statistical dependence or independence of elements
of these representations. In [Fuhr 89c], an alterna-
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tive approach (called description-oriented in the follow-
ing) is presented, which adapts concepts from pattern
recognition methods for probabilistic retrieval: First,
request-document pairs (gx,d,) are mapped onto de-
scription vectors z(qx, dn,), where each component gives
the value of a specific feature of the pair (gz,dm) (e.g.
the number of terms common to query and document,
the sum of the weights of these terms w.r.t. the doc-
ument, the total number of terms in the document).
Second, a regression method (i.e. least square polyno-
mials) is applied in order to develop a retrieval func-
tion e(z) such that it yields estimates of the probability
P(R|z(qk,dm)). For this purpose, a learning sample of
request-document pairs with relevance judgements must
be given. A major advantage of the description-oriented
approach is its flexibility with respect to the underly-
ing representations. In the model-oriented approach,
most changes of the representation (e.g. considering
the within-document frequency of a term instead of re-
garding only the presence or absence of a term) would
require the formulation of a new probabilistic model.
With the description-oriented approach, only the set of
features that are included in the description vector has
to be revised.

A second advantage of the description-oriented ap-
proach is its adaptability to the amount of learn-
ing data available.  For example, several depen-
dence models have been developed [Rijsbergen 77]
[Yu et al. 83] in order to overcome the limitations of the
binary independence retrieval model [Yu & Salton 76]
[Robertson & Sparck Jones 76]. However, due to the
small size of the learning samples available, parame-
ter estimation problems lead to worse retrieval results
for the dependence models in comparison to those of
the independence models. In the description-oriented
approach, only the number of features considered in
the description vector has to be modified according
to the size of the learning sample. As described in
[Fuhr & Buckley 90] [Fuhr & Buckley 91) (for the case
of indexing functions), the description vector represents
an abstraction from specific elements (queries, docu-
ments, or terms), and the level of abstraction can be



chosen according to the amount of learning data avail-
able.

On the other hand, a major disadvantage of the
description-oriented approach is the heuristics employed
in the definition of the description vector. In order to
optimize the retrieval function, a large series of experi-
ments with varying definitions has to be performed (al-
though fairly good functions can be achieved with little
effort).

In this paper, we try to combine both approaches. As
application, we regard indexing functions (instead of re-
trieval functions). In probabilistic document indexing,
we seek for the estimation of the probability P(C|s;, dm)
that the asssigment of the indexing term s; to the doc-
ument dy, is correct; the decision about the correctness
can be specified either explicitly (by comparison with
manual indexing) or implicitly (derived from relevance
judgements, see [Fuhr & Buckley 91]). This task is ana-
loguous to the retrieval problem: Instead of a query, we
regard a single index term (from a prescribed indexing
vocabulary), and relevance is replaced by correctness.
As a major advantage, we have large learning samples
available for our experiments.

For the combination of both approaches, we present a
new probabilistic indexing model, which can be trans-
formed into a log-linear form. This kind of function
allows the application of logistic regression, where the
model leads us to the definition of the description vec-
tor. The regression method generalizes the model and
fits the parameters of the function to the data.

In the following, we first present the probabilistic in-
dexing model. Then we describe the logistic regression
method and show how this method can be combined
with log-linear models. Section 5 presents the test set-
ting and the evaluation methods used for our exper-
iments, followed by the experimental results given in
section 6.

2 A new probabilistic model for
the Darmstadt Indexing Ap-
proach

The “Darmstadt Indexing Approach” (DIA) is a
dictionary-based approach for automatic indexing from
document titles and abstracts, with index terms (called
descriptors here) from a prescribed indexing vocabulary
([Fuhr 89b] [Fuhr et al. 91]). For the task of mapping
text content onto the set of descriptors, the approach
needs an indexing dictionary containing term-descriptor
rules for as many terms (i.e. words or phrases) of the
application field as possible. Furthermore, the indexing
dictionary contains term-specific and descriptor-specific
information. This data can be derived automatically
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from a large sample of manually indexed documents (see
below).
The indexing process 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
(FOC) v, where different FOCs correspond to different
levels of confidence.
FOCs are defined with respect to some formal param-
eters that are computed by the system. Actually, the
concept of FOC comprises two aspects:
1.) the certainty with which a term is identified,
2.) the significance of a term with respect to the doc-
ument.
In our experiments described here, we consider for all
kinds of terms the location of the term (title vs. ab-
stract) as a criterion for the significance of the term.
For phrases, the certainty of identification is measured
by the number of stopwords between the first and the
last component: P+ with no stopwords and P- with 1
...3 stopwords in between. For the document shown
in figure 1, examples for P+ are “TUNNEL JUNC-
TION”, “TUNNEL CURRENT” and “ELECTRICAL
CONDUCTIVITY”, and for P- “ALUMINIUM SUB-
STRATES”, “MEASURE ELECTRICAL” and “FILM
COEFFICIENT”. So we have two different FOCs for
words, namely W/TT and W/AB according to their lo-
cation in the title or in the abstract, and four different
FOCs for phrases: P+TI, P-TI, P+AB and P-AB.

Current-voltage spectra of metal/oxide/SnTe
diodes. Pt. 1

In metal/oxide/SnTe tunnel junctions (where the ox-
ide is Al;O3 or SiO; and the metal is lead or alu-
minium) on BaF; or NaCl substrates the tunnel cur-
rent I(U) and its derivatives I’(U) and I"(U) were
measured at 4.2 K. Additionally the Hall coefficient
and electrical conductivity of the monocrystalline SnTe
films were determined at the same temperature. The
pronounced oscillations in I” suggest the existence of
a quantum size effect in the very thin SnTe films in
several cases, although this is complicated by various
other processes. The most important features of the
different types are discussed briefly.

Figure 1: Example document

If a term ¢ is identified in a document d and a term-
descriptor rule ¢ — s is stored in the directory, a de-
scriptor indication from t to s is generated. It contains
— the form of occurrence v of ¢ in d,

— the rule t — s,

— further information about s and ¢ (from the dictio-

nary) and d.

For example, our indexing dictionary contains the rule
“ELECTRICAL CONDUCTIVITY” USE “ELEC-
TRIC CONDUCTIVITY?”, so the indexing system pro-



duces the corresponding descriptor indication for the
example document shown above, where the FOC is
P+AB. Another example is the statistical rule “ELEC-
TRICAL COEFFICIENT” — “ELECTRIC CONDUC-
TIVITY” with a weight of 3.0 (see the definition of the
parameter r;; described below), for which an indication
with the FOC P-AB is generated. As additional infor-
mation about d, we might regard the number of different
words in the document, because longer documents tend
to produce more descriptor indications, but the num-
ber of descriptor asssigments to a document should be
independent of this factor.

The collection of all descriptor indications from a doc-
ument leading to the same descriptor s is called the
relevance descripton z(s,d) of s w.r.t. d. Now a proba-
bilistic indezing function a(z(s, d)) has to be developed
which yields estimates of the probability P(C|z(s,d))
that the assignment of a descriptor s to document d will
be judged correct, given that the descriptor-document
pair is represented by relevance description z. For this
purpose, a learning sample with document-descriptor
pairs and decisions about the correctness of assignments
must be given; then several probabilistic classification
methods can be applied for the development of an index-
ing function (see [Fuhr & Buckley 91] [Fuhr et al. 91}).
In [Fuhr 89a], a new probabilistic model for the DIA is
derived. For the description of the indexing functions
following from this model, we use the following nota-
tions:

T = {t1,...,tn} is the set of terms in our collection,
and
V = {v1,...,v,} is the set of forms of occurrence that

we distinguish. In addition, let vy denote the ab-

sence of a term (that is, it is not identified in any

form v; € V in the current document), and let

Vo={w}uV.

is the set of document characteristics that we re-

gard. That is, the information describing a doc-

ument that is independent of a specific relevance

description is mapped onto an element e € E (e.g.

the number of words in the document as mentioned

above).

For a single document-descriptor pair (dp, si), we have:

— the decision about the correctness (C or C)

— the document characteristics e;, of dp

- the terms that occur within d,, together with their
forms of occurrence.

The latter information is described by a vector y,,

{Ym1y---»Ym.} in the following, where y,,, € V; has

the value of the form of occurrence of ¢; in dp, (or vo,

respectively).

With this notation, a relevance description z(sg,dm)

can be mapped onto a triple (sg,em,¥y,,), and we

seek for the probability P(Clsg,em,y,,). For the for-

mulation of our model, we use odds, where O(z) =

48

P(z)/P(x). Let P(ym,|sx,C) (with y,,, € V) be the
probability that term ¢; will occur with FOC yy,, in an
arbitrary document to which s; was assigned correctly,
whereas P(y,, = vo|sk, C) denotes the probability that
t; will not occur in such a document. P(ym,|sk,C) and
P(ym, = vo|sk,C) denote the corresponding probabili-
ties for documents to which the assigment of s; is not
correct.

With
wiro = P(ym, = volsi, C)
’ P(Ym, = volse, C)
Wikl P(ym| — Ullm Isk) C_')
T P(yml = vllm |sk’ C)

(where v;,,, denotes the form of occurrence of ¢; in dp,
that is ym, = v1,,, ), our first indexing function yields

O(C|Sk, €m, ym) =
O(Clsk) - O(Clem)
0(C)

n
[ & TTwiro (1)
Wiko i=1

ym,EV

Here O(C) is the odds that an arbitrary document-
descriptor relationship is correct, O(Clen) denotes the
odds that the assigment of an arbitrary descriptor to a
document with characteristics ey, will be judged correct,
and O(C|s;) is the odds that the assigment of descriptor
s; to an arbitrary document is correct. In the follow-
ing, we will refer to this formula as the FOC dependence
model.

A major disadvantage of the FOC dependence model is
the fact that the term descriptor rules (i.e. the prob-
abilities P(ym; = Viim|sx, C) and P(ym, = Viim|sk,C)
are FOC-specific, so for each term-descriptor pair, pa~
rameter values for all v, € Vo are required. In or-
der to overcome this problem, we have derived a sec-
ond probabilistic model in which the distributions of
FOCs and term-descriptor pairs are assumed to be
independent of each other., The FOC independence
model based on this assumption uses the parameters
fiim = P(viim|C)/ P(viim|C) and ry, = O(Clts, s1) in-
stead of wiky;,,. Here P(vjim|C) denotes the probabil-
ity that an arbitrary term will occur with FOC v;;,, in
an arbitrary relevance description leading to a correct
(incorrect) assignment, whereas O(C/t;, s3) is the odds
that the assignment of descriptor s to an arbitrary doc-
ument will be correct, given that term ¢; occurs in this
document. With these parameters, we can derive the
indexing function

O(Clsk, em, Yp) = O(C|Sg)(%()0|em)
Jlwae: I 0%(C):0*Clsn) - fim - 5= (2)
=1 ym, €V Wiko



For the discussion in the following, we bring the in-
dexing functions (1) and (2) into their log-linear form.
With Mz) = logO(z), wirj = logwir; and Sy
log [Ti~; Wiko, the FOC dependence model yields:

MClsk,lm,ym) =
A(Clem) + A(Clsk) — AMC) + B
+ Z (wiki,,, — wiko)

Ymi€EV

@)

Furthermore, let ¢, = log fi,,. and gix = log ik, then
the FOC independence model can be transformed into

AClskylm,Ym) =
AMClem) + AM(Clsi) — MC) + B +

}: (2A(C) + 3X(C|sx) + 1,,, + ik — wiro)(4)
Yms€EV

3 Logistic regression

As indexing function a(z(s,d)), we regard logistic func-
tions here [Freeman 87] [Fienberg 80]. For this type
of functions, the relevance description must be in vec-
tor form @(s,d) (also called description vector), with
z = (21,...,2m)7. Let b = (by,...,b,,)T denote a
parameter vector that is to be estimated, then logistic
indexing functions have the form

o) = 005
1+ exp(b' =)

Since we want to vary b in order to find an optimum
logistic function, we will include the parameter vector
as argument of the indexing function in the following,
that is a(x, b).

For the development of an indexing function, we
need a learning sample of relevance descriptions z
(=1,...,%:) with corresponding correctness decisions
Y = (y1,-..,yt), where y; 1 if for x;(s,d), the as-
signment of s to d is correct, and y; = 0 otherwise.

As optimizing criterion, maximum likelihood is used
here (minimum squared errors also would be possible).
For a given learning sample and a specific parameter
vector b, the likelihood function yields

t

L(b) = [ a(a, b)*[1 - a(ws, b)}* ¥

k=1

In the following, the log-likehood function I(b) =
log L(b) is regarded:

I(b) =Y yiloga(zk,b) + (1 — yi) log[l — a(es, b)).

k=1
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The maximum likelihood estimate of the parameter vec-
tor is the value at which ! takes its maximum, i.e., the
value of b at which

I?EIT =Y [ue — a(=x, b))k, = gi(b) = 0. (5)
' k=1

In general, this equation cannot be solved in closed form,
so an iterative method has to be applied. Here we use
the Newton-Raphson method, for which we need the
derivations

t

821 8g;
e b 2 a(xg, b)[1 — a(zi, b)) 2k, z,
= H,J(b) (6)
With g(b) and the matrix H(b) computed this way, we

get the iteration formula

b+ = p() — g-1(p() - g(b™) (7)
So we first have to choose a starting vector b®), and
then H(b™), g(b™) and b™*+Y) are computed in each
iteration step n, until a stopping criterion is fulfilled. In
the computation process, the matrix H is not inverted,
instead we solve the linear equation H(b™) . A =
g(b™)) with A = p) —p("+1) As stopping criterion,
one can compare |A(™)| with a predefined value €. Since
we performed experiments with different vector lengths
m, we choose to regard the value

B{HD _ bgn)

(n+1) — hut S 2
5 = max| B

instead. In our experiments, we used description vectors
with up to 40 components, and we always got good solu-
tions within 5 to 6 iterations (that is, further iterations
did not improve the indexing quality).

4 Combination of logistic re-
gression and log-linear models

Logistic functions have in fact the same form as log-
linear models, which can be seen easily when we trans-
form the approximation that is given by the logistic
function

exp(bT )
1+ exp(bT:v)

into O(C|z) ~ exp(b” z), and thus MClz) = bTz. For
the discussion below, let us assume that we have a con-
stant element in addition to the description vector, so
the logistic functions that we want to consider are of the
form

P(Clz) ~



m
MCle) = bo+ Y bixi
i=1

Obviously, most probabilistic models can be brought

into such a log-linear form, where the b;s are some coef-

ficients (mostly -1 or +1) and the z;s are certain proba-
bilities (or products or quotients of probabilities). This
feature suggests the combination of probabilistic models

with logistic regression!. In [Robertson & Bovey 82],

this kind of combination (which they call logistic model)

has been applied to the binary independence retrieval
model. However, the experimental results of this work
showed no strong evidence for the logistic model in
comparison to the original probabilistic model, even
for half-collection experiments. We think that these
results are caused by the limited size of the learn-
ing data. From experiments with least square polyno-
mial functions described in [Fuhr 89b], [Knorz 83a] and

[Fuhr & Buckley 91], we know that regression methods

require significantly larger learning samples than sim-

ple parameter estimation schemes. For our indexing
experiments described here, learning sample size is no

problem, since we work with samples of at least 3000

elements.

Robertson and Bovey mentioned the following impor-

tant properties of logistic models:

— In comparison to the original probabilistic model, the
independence assumptions of the logistic model are
weaker. In the logistic model, it is only assumed that
the degree of dependence of any set of elements is the
same in the set of correct relevance descriptions as in
the set of incorrect ones.

—~ A major advantage of the logistic model is that the
estimation process does not require the learning sam-
ple being a random sample from the whole event
space. It is only assumed that the learning and the
test samples are representative for each other. For
our indexing task, we only consider relevance descrip-
tions with at least one descriptor indication, whereas
the probabilistic model regards all possible document-
descriptor pairs.

~ In the logistic model, prior distributions for the pa-
rameters of the model can be considered, so the model
yields Bayesian estimates of these parameters. This
feature is important for small learning samples.

Now we discuss some aspects of the application of logis-

tic repression to our probabilistic indexing model, espe-

cially the definition of the description vector «:

— The mapping of the elements of the probabilistic for-
mula onto elements of the description vector can be
defined in two different ways, depending on the fact
whether the number of elements of the formula is fixed

1In [Fuhr 89c], we have discussed the relationship between log-
linear models and least square polynomials, and it is shown that
this type of function is not suited for a combination of both.
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or variable (for one logistic regression formula): For
the development of query-specific retrieval functions
as described in [Robertson & Bovey 82], the dimen-
sion of ® can be set equal to the number of query
terms. In our probabilistic indexing function, we
have a varying number of factors for different descrip-
tors (depending on the number of term-descriptor
rules stored in the indexing dictionary for the spe-
cific descriptor), and we want to develop descriptor-
independent indexing functions (otherwise our learn-
ing samples would become to small). In this case,
we have to map variable numbers of elements of the
formula onto one description vector element. For ex-
ample, we can split the sum in formula (6) according
to the different forms of occurrence:

/\(CISk,em,ym) =
A(Clem) + A(Clsk) = A(C) + Be

4
+ Z E wikj | — Z wiro  (8)
J=1 \ym,=v, Ym, EV

and define |V|+ 5 vector elements for this formula.

In many cases, not all of the parameters of the proba-

bilistic formula are known in advance. For this prob-

lem, logistic regression can be used in different ways
for estimating probabilistic parameters:

- For binary features, (e.g. presence or absence of a
term), we can set z; = 0/1, and the logistic ap-
proach will (in the ideal case) yield the coeflicients
b; = A(z; = 1) — A(z; = 0) and bg = by + A(z; = 0),
where bj is the value of the constant element before
the inclusion of z;. Similarly, we can set z; = n for
the case when we need log O"(.).

— In the case of our indexing function, we do not have
the specific values ¢;; for different FOCs in our in-
dexing dictionary, only general values c;; relating
to all FOCs included in V. In order to derive esti-
mates for the different forms of occurrence, we can
assume general numeric relationships between the
values w;; and wix;: For that, we assume the ex-
istence of a value a; for each form of occurrence
v; € V and test the relationships wip; = a; + wi
and wix; = a; - wix. In the former case, we define
one vector component for each FOC v;, counting
in this element the number of indications with v;,
and sum up the values w;; in an additional vector
element. In the latter case, we sum up the wi’s
separately for each v; in a specific vector element.

Finally, there may be cases where we want to per-

form a general regression, because we assume that the

value of a missing probabilistic parameter is a mono-
tonic function of a known non-probabilistic parame-
ter: In our indexing application, we do not have the
values P(Cle,,). However, we can assume that this



probability is a function of the number of descriptor
indications of the document, and therefore we include
this information in the vector.

5 Test settings

For our experiments, we used documents from the
physics data base PHYS of the Fachinformationszen-
trum Karlsruhe, Germany. For this application, an
indexing dictionary named PHYS/PILOT was devel-
oped. As probabilistic term-descriptor rules, the as-
sociation factors z(t,s) = h(t,s)/f(t) were computed
from 392 000 manually indexed documents, where f(¢)
denotes the number of documents containing the term ¢
and h(t, s) is the number of those among the f(t) doc-
uments to which the descriptor s was assigned man-
ually (terms can be words, phrases, or terms derived
from formulas). So z(t,s) yields an approximation of
the probability P(C|s,t). With the additional criteria
z(t,s) > 0.3 and h(t,s) > 3, more than 800000 term-
descriptor pairs were obtained. Because of performance
reasons, only 350000 of these pairs (chosen by some
heuristic criterica) have been included as relation Z in
PHYS/PILOT?.
In addition to these term-descriptor pairs with proba-
bilistic weights, the PHYS/PILOT dictionary also con-
tains the following relations:
— the USE relation of the PHYS thesaurus,
— the IDENTITY relation connecting each of the 22683
descriptors with itself,
~ the FORMULA IDENTITY relation mapping iden-
tifiers derived from formulas onto the corresponding
descriptors (In our experiments, we do not distinguish
between IDENTITY and FORMULA IDENTITY,
and not between formula identifiers and words.).
The size of the PHYS/PILOT dictionary is illustrated
in table 1.
Since the parameters O(C/|si) were not contained in the
original PHYS/PILOT dictionary, we computed these
factors from a sample of 20000 documents, where only
those descriptors were considered which were assigned
to at least 3 documents. Due to this procedure, some of
our experiments are restricted to relevance descriptions
where the parameter O(C|s;) is available; furthermore,
we consider only descriptor indications based on relation
Z in these experiments.
For our indexing experiments, we used three samples
of 1000 documents each (disjoint from the material
from which the indexing dictionary or the parameters
O(C|sk) were derived). These samples with the num-
bers 5, 6 and 7 were drawn randomly from the input to

2Some experiments with the complete set of pairs described in
[Fuhr et al. 91) showed almost no difference in terms of indexing
quality.
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Descriptors (with classifications) 22683

Other terms 179675

Words 85017

Phrases 94658
Pairs (¢, s) in the relations:

Relation Z 355033

t = word 159930

t = phrase 170697

t = formula identifier 25 306

Relation USE 50138

IDENTITY relationt = s 22683

FORMULA IDENTITY relation 15214

Table 1: Survey of the PHYS/PILOT dictionary used
for our experiments

the PHYS database. Sample 5 is always used as learning
sample for the estimation of the parameters of the in-
dexing functions. All indexing functions developed were
tested with sample 6. Due to the large number of ex-
periments performed, this sample also can be regarded
as a kind of learning sample. For this reason, we finally
tested a few functions with sample 7, in order to get
statistically valid tests for our major findings.

For evaluating the quality of automatic indexing, we
regard the coincidence with manual indexing®. Since
our indexing functions produce a weighted indexing
(whereas the manual indexing is a binary one), we can
either use measures that consider these weights, or we
can regard measures for binary indexing, after applica-
tion of a cutoff value. As a measure of the first type, we
regard the average square error

§? = %Z(yk —a(z))?.
k=1

For the comparison of two binary indexings, the consis-
tency factor
_ |AUT N MAN|

1= [AUTUMAN]’

is computed, where AUT and M AN denote the set of
all automatic resp. manual descriptor assignments for
a given test set of documents. By varying the cutoff
values, we take the maximum ¢q, of these ¢ values.

As test of significance, the sign test is used in the fol-
lowing way: For a certain test set of documents with
relevance descriptions, we compare the performance of
two indexing functions a;(«) and ax(xz). Now we can
either regard weighted indexing or binary indexing. In

30f course, retrieval results are the final yardstick for index-
ing quality, This approach was taken in the AIR retrieval test
[Fuhr & Knorz 84]. The results of the AIR retrieval test revealed
that the comparison with manual indexing is also a good measure
of indexing quality, so we prefer this method because it requires
substantially less effort.



the case of weighted indexing, we compare the differ-
ences |yr — a1(«r)| and |yx — az(xp)| for k =1...1. In
order to compare binary indexing, first an average in-
dexing depth é (number of descriptor assignments per
document) has to be chosen. From this parameter, the
corresponding cutoff values a1(6) for ai1(x) and a3(6)
for az(x) can be derived. In the test set, only those
relevance descriptions zp are regarded where the two
indexing functions lead to different assignment deci-
sions, that is either ai(zx) > a1(8) A az(zr) < az(d)
or a1(zx) < a1(6) A az(xx) > az(8), and then these
decisions are compared with the intellectual decision
denoted by yx. In our experiments, we varied the in-
dexing depth from 0 to the maximum (21.9 or 27.7,
respectively) in steps of 0.1 and compared the resulting
binary indexings at a significance level of 99%. Then
we give the indexing depths for which the difference is
significant.

6 Experiments

For testing the logistic models, we performed three se-
ries of experiments:

1) Tests of the pure model with relevance descriptions
where all parameters required by the model are
available.

2) Extensious of the pure models that consider all the
information stored in the indexing dictionary.

3) Heuristic definitions of the description vector for
the comparison of logistic indexing functions and
linear functions based on least square polynomials.

These experiments are described in the following. A
more detailed presentation of the experimental results
can be found in [Pfeifer 90].

6.1 Tests of the pure model

For this series of experiments, we only considered the
descriptor indications and the relevance descriptions
where all the parameters wiz, wiko, 0ik, B and A(C|si)
were available (about 21900 of a total of 27700 rele-
vance descriptions for a sample of 1000 documents).

We compare the two variants fo the FOC dependence
model with the independence model. Table 3 shows
the description vector for the FOC dependence model
with the heuristic assumption w;r; = a; - wijx. This
indexing function is called F D% here. For the alter-
native heuristic assumption wir; = a; + wir (func-
tion FD+), the description vector contains elements
no. 1-12 from table 4, but with the element 3~ ZWT
defined as 3 ym;ev(wix). In both cases (as well as
with all functions for the FOC independence model
described below), the first two elements of the vector
serve for the estimation of the document-oriented pa-
rameter A(Clep), whereas all other elements relate to
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name m | description
FD+ 11 | FOC dependence model with w,x, =
oy + wik
FDx 14 | FOC dependence model with wy; =
OIJ cWik
FI 14 | FOC independence model
FIM 14 | FOC independence model, but with
max z(t, s)
FIT 30 | like FI, plus ID and USE relations
FIMT 30 | like FIM, plus ID and USE relations
FIT3 30 | like FIT, but 3 classes of rel. descr.
FITs 30 | like FIT, but 5 classes of rel. descr.
FIZ-DO 42 | FIZ vector plus descriptor weights
O(Cls)
F1Z-DO5 | 42 | like FIZ-DO, but 5 classes of rel. descr.
Fi1Z-0 40 | FIZ vector
FIZ-L 40 | FIZ vector with linear function (MSE)
FIZ-LI 40 | like FIZ-L, but iterated MSE
Table 2: Survey of indexing functions tested
no | name description
1 | #DIDOC number of descriptor indications in
the document
2 | #WoODoOC number of different words in the
document giving indications
3 E STI E wik for words in the title
4 E SAB Z wyk for words in the abstract
5 E P+TI Z“""‘ for phrases (P+) in the title
6 Z P-TI Zw,k for phrases (P+) in the ab-
stract
7 2 P+AB E wik for phrases (P+) in the title
8 Z P—-AB Zw“‘ for phrases (P+) in the ab-
stract
9 | DESKWT A(Clsk) = 1og O(C|sk)
10 | > RULEAWT s €V WiEO
11 | DESKRAW B =log [, wiro

Table 3: Description vector for F D+

a specific relevance description. Furthermore, it should
be noted that in all experiments, the description vec-
tor contains a constant element (which is not shown
here). The description vector for the FOC indepen-
dence model consists of elements no. 1-14 from table
4. For the sum in eqn(5), we have defined > ZWT for
oir, >, RULEAWT gives w;io and the elements #ZSTT
thru #Z P—AB serve for the FOC-specific estimation of
the parameters giim = P(viim|C)/P(viim|C). In order
to compute > 2A(C), #Z counts the number of indi-
cations (with Z relations) in the relevance description,
so the corresponding coefficient is assumed to approx-
imate 2A(C). In a similar way, #Z x DW computes
5T A(C|sk), so its coefficient should be about 3. The
results for these three indexing functions are shown in
table 5. Although the differences for the evaluation pa-
rameters s2 and gmqz are fairly small (as for all our ex-



no | name description
1 | #DIDOC number of descriptor indications in the document
2 | #iWODOC number of different words in the document giving indications
3| Y zwr Zymev ik =1ognyme‘,0(0|t.,sk)
4 | #2ZSTI n.i.w. Z relation from word in the title
5 | #ZSAB n.i.w. Z relation from word in the abstract
6 | #ZP+TI n.i.w. Z relation from phrase (P+) in the title
7| #ZP-TI n.i.w. Z relation from phrase (P-) in the title
8 | #ZP+AB n.i.w. Z relation from phrase (P+) in the abstract
9 | #ZP-AB n.i.w. Z relation from phrase (P-) in the abstract
10 | 3" RULEAWT yons €V WeKO
11 | DESCWT MClsk) = log O(C|ts, s)
12 | DESCRAW B = Z:;l Wiko
13 | #Z7 n.i.w. Z relations
14 | #Z+«DW =#Z-DESCWT = Zym'ev AMClsk)
15 | TDESCWT =1, if DESCWT available, =0 otherwise
16 | #NRA # indications without weight w0
17 | ?DESCRAW =1, if DESCRAW available, =0 otherwise
18 | ? Z RAWT =1, if ZRULEAWT # 0, =0 otherwise
19 | #ISTI n.i.w. ID relation from word in the title
20 | #ISAB n.i.w. ID relation from word in the abstract
21 | #IP+TI n.i.w. ID relation from (P+) in the title
22 | #IP-TI n.i.w. ID relation from (P-) in the title
23 | #IP+AB n.i.w. ID relation from (P+) in the abstract
24 | #IP-AB n.i.w. ID relation from (P-) in the abstract
25 | #USTI n.i.w. USE relation from word in the title
26 | #USAB n.i.w. USE relation from word in the abstract
27 | #UP+TI n.i.w. USE relation from (P+) in the title
28 | #UP-TI n.i.w. USE relation from (P-) in the title
29 | #UP+AB n.i.w, USE relation from (P+) in the abstract
30 | #UP-AB n.i.w. USE relation from (P-) in the abstract

(n.i.w.

= number of indications with)

Table 4: Description vector for the functions FI, FIT, FIT3 and FIT5

name sample 6 sample 7
82 dmaz 52 qmaz

FD+ 0.134 | 0.422 | 0.131 | 0.414
FDx 0.134 | 0.419 | 0.131 | 0.412
FI 0.128 | 0.429 | 0.126 | 0.412
FIM 0.126 | 0.432 | 0.124 | 0.428
FIT ~ 7 | 0.113 [ 0.452 | 0.101 | 0.449
FIMT 0.112 | 0.451 | 0.109 { 0.451
FIT3 0.106 | 0.470 | 0.103 | 0.469
FIT5 0.102 | 0.476 | 0.100 | 0.476
"F1Z-DO ] 0.110 | 0.470 | 0.109 | 0.465
FIZ-DO5 | 0.102 | 0.476 | 0.101 | 0.471
FIZ-0 0.113 | 0.463 | 0.111 | 0.459
FIZ-L 0.117 | 0.452 | 0.113 | 0.451
FIZ-LI 0.113 | 0.464 | 0.111 | 0.458

Table 5: Indexing results

periments described here), the statistical tests show that
most of these differences are significant. With the FOC
dependence model, F D+ performs significantly better
(> 99.99%) for weighted indexing, but only for a few
indexing depths (6§ = 7.3,7.4,9.0,9.8) when we regard
binary indexing. The FOC independence model out-
performs both variants of the dependence model, with

53

a significance level > 99.99% for weighted indexing and
at most indexing depths in the case of binary indexing.
As a heuristic variant of the FI function, the func-
tion FIM was developed. This function is based on
the same decription vector as F'I. However, >  ZWT
was redefined here in order to get the maximum value
maxy,, oy Qik instead of the sum of these values. Fur-
thermore, Y~ RULEAWT was assigned only the weight
wiro from the indication with the maximum g;; value.
This heuristic strategy has been applied successfully
for the development of least square polynomial index-
ing functions ([Knorz 83b] [Knorz 86]; see also below).
One can regard this method as a means for coping with
the problem of statistical dependence of the descrip-
tor indications within a relevance description. In fact,
the experimental results show a slight improvement for
weighted indexing, and for binary indexing with index-
ing depths in the intervals [7.1...9.9] [10.1...10.3] and
[10.5...11.5].

6.2 Extensions of the pure model

Since our dictionary contains the USE and the ID re-
lation besides the Z relation, we have to extend the
description vector in order to consider this information,



too. In contrast to the relation Z, there is no weight
associated with these thesaurus relations. For this rea-
son, we assume that the weights w;i; are the same for
all term-descriptor pairs (¢;, s¢) in one of these relations.
So we have six different weights (for our six FOCs) for
the relation USE and another six weights for the ID
relation. Furthermore, we assume that w;zo = 0 for
these relations. These assumptions lead us to the de-
scription vector shown in table 4, where we have six
elements for either of these relations. Furthermore,
the elements ?DESKWT, #NRA,?’DESKRAW and
#Z—ABS have been defined in order to cope with in-
dications based on the relation Z for which the parame-
ters w;ro or B are not available. So we have a combina-
tion of the FOC dependence and the FOC independence
model here: For the relation Z, we assume indepen-
dence, since we do not have the FOC-specific weights.
With the relations ID and USE, no term-descriptor-
specific weights are available, but we can aim at esti-
mating FOC-specific weights here. The results of this
indexing function called FIT are shown in table 5. In
comparison to the experiments based on the relation Z
only, we get a clear improvement.
The function FIMT is heuristic variation of FIT, where
we regard the maximum of the weights g;; instead of
their sum (like in the case of FIM). Again, we achieve
slight improvements which are significant (> 95%) for
weighted indexing,.
The next two experiments in this series are based on a
subdivision of the relevance descriptions into 3 resp. 5
classes. According to the relations on which the indica-
tions of a relevance descriptions are based, we defined 5
classes:

T . 38% of all relevance descriptions are based ex-
clusively on thesaurus relations.
23% of all relevance descriptions consist of ex-
actly one indication, which is based on the rela-
tion Z.
11% of all relevance descriptions consist of at
least two indications, which are all based on the
relation Z.
12% of all relevance descriptions contain exactly
one indication derived from the relation Z, plus
one or more indications based on thesaurus rela-
tions.
15% of all relevance descriptions contain at least
two indications derived from the relation Z, plus
one or more indications based on thesaurus rela-
tions.
For each of these classes, separate indexing func-
tions (based on the description vector of the func-
tion FIT) were developed. This combined function
is called FIT5. We also tested a variant (FIT3)
with 3 classes only, where the distinctions between the
classes Z1 and Z2 and between T'Z1 and TZ2 were

zZ1l:

Z2:

TZ1:

TZ2:

54

dropped. The experimental results show large improve-
ments for FIT3 over FIT, and a further slight im-
provement for FIT5. In both cases, the difference is
highly significant for weighted indexing (> 99.99%).
For binary indexing, FIT3 performs significantly bet-
ter than FIT at the indexing depths 2.3, 2.5 and
2.8 thru 16.9. 5 classes are better than 3 classes at
6 € [5.9...6.9],[7.2...10.2],[10.9...16.4]. These re-
sults show that — in comparison to the other strategies
tested — using class-specific instead of general index-
ing functions is the best method for improving indexing
quality.

6.3 Heuristic description vectors

The indexing functions described so far are based more
or less on the probabilistic indexing model as described
in section 2. Here we want to consider a heuristic strat-
egy for the description vector, in order to see whether
there are significant differences between the indexing re-
sults of these two strategies.

Instead of developing a completely new description vec-
tor, we choose to use the description vector that had
been developed heuristically for the least square poly-
nomials indexing function, as described in [Knorz 86).
This description vector is shown in table 6. With the
exception of the elements DESKWT and 7DESKWT,
this vector is currently used in the linear indexing func-
tion FIZ—L for the input production of the database
PHYS. The logistic indexing function FIZ—DO based
on this vector performs significantly better than our
more theoretic function FIT. With class-specific func-
tions, however, F'IZ—DO5 produces results that are
about identical with those of FIT5. In the following ex-
periments, we compare logistic and linear indexing func-
tions. Here the elements DESKWT and ?DESKWT
were excluded from the description vector. The logis-
tic function FIZ—QO shows significantly better results
than the linear function FIZ—L. A closer examination
of the properties of the least square polynomials proce-
dure revealed the following weakness of this approach:
in contrast to the logistic functions, linear functions may
yield estimates outside the interval [0,1]. Even if these
estimates are on the ”correct side” of the interval (that
is, a(zx) > land yr = 1 or a(zx) < 0 and y = 0), these
estimates are treated as errors, and the LS P procedure
aims at minimizing the error (a(xx) — y¢)?. In order to
overcome this problem, we first developed a linear func-
tion a; (1), then we removed all relevance descriptions
with a1 () ¢ [0, 1} from the learning sample, and devel-
oped a new linear function. This process of reducing the
learning sample and developing a new function can be
repeated several times, and we achieved improvements
for up to 10 iterations* [Pfeifer 91]. The experimen-

4The computational effort for each of these iterations is about



no | name description
1| #WODoOC number of different words in the document giving indications
2 | #RDDOC number of relevance descriptions of the document
3 | #DI number of descriptor indications of the RD
4 | #WORDS number of different words in the RD
5 | #PHRASES | number of different phrases in the RD
6 | #ID n.i.w. ID relation
T | #ZS5 n.i.w. Z relation from word, where h(t,s) > 5
81| 25 maximum z(t, s), where h(t,s) > 5
91| ZS8 max z(t, s) from word or phrase, where h(t,s) > 5
10 | Z2S8 2nd largest 2(t, s) from word or phrase, where h(t,s) > 5
11 | ?2IDONLY =1, if RD contains only ID relation, =0 otherwise
12 | 7P+ =1, if indication with FOC P+ occurring in title on abstract
13 | #ZFO n.i.w. Z relation from formula identifier
14 | Z5T+AB max. z(t,s) from word or P+ in the abstract, where h(t,s) > 5
15 | Z5T+ max. z2(t,s) from word or P+, where h(t,s) > 5
16 | Z3T+ max. 2(t, s) from word or P+, where h(t,s) <5
17 | ZT+ max. z(t,s) from word or P+
18 | HZT+ h(t,s) for 2(t, s) stored in ZT+
19 | #ZT+ n.i.w. Z relation from word or P+
20 | #Z5PTI n.i.w. Z relation from phrase in the title
21 | #ISTI n.i.w. ID relation from word in the title
22 | #IFTI n.i.w. ID relation from formula in the title
23 | #ISAB n.i.w. ID relation from word in the abstract
24 | #IFAB n.d.w. ID relation from formula in the abstract
25 | #ID+TI n.i.w. ID relation from phrase P+ in the title
26 | #IPTI n.i.w. ID relation from phrase in the title
27 | #IP4-AB n.i.w. ID relation from phrase P+ in the abstract
28 | #IPAB n.i.w. ID relation from phrase in the abstract
29 | Z3STI max. z(t,s) from word in the title, where h(t,s) < &
30 | Z58T1 max. z(t,s) from word in the title, where h(t,s) > 5
31 | Z3SAB max. z(t,s) from word in the abstract, where h(t,s) < 5
32 | Z5SAB max. z(t,s) from word in the abstract, where h(t,s) > 5
33 | Z3P+TI max. z(t,s) from P+ in the title, where h{t,s) < 5
34 | Z5P+TI max. z(t,s) from P+ in the title, where h(t,8) > 5
35 | Z3PTI max. z(t,s) from phrase in the title, where A(t,s) < 5
36 | Z5PTI max. z(t,s) from phrase in the title, where h(t,s) > 5
37 | Z3P+AB max. 2(t,s) from P+ in the abstract, where h(t,s) < &
38 | ZsP+AB max. z(t,s) from P+ in the abstract, where h(t,s) > 5
39 | Z3PAB max. z(t,s) from phrase in the abstract, where A(t,s) < 5
40 | Z5PAB max. z(t,s) from phrase in the abstract, where A(t,s) > 5
41 | DESKWT | MClsk)
42 | P1DESKWT =1, if value for DESKWT available, =0 otherwise

Table 6: Description vector for indexing functions FIZ ...

tal results for this iterated linear function FIZ~LI are
about the same as for the logistic function FIZ-0.

7 Summary and conclusions

In this paper, we have derived a new probabilistic index-
ing model, which serves as a basis for developing logistic
indexing functions. We have shown that logistic func-
tions can be applied as indexing functions, and that the
definition of description vectors based on the theoretical
model is a partially successful strategy. However, addi-
tional heuristic strategies — such as the development of
class-specific functions — may yield large improvements.
In comparison to a purely heuristic strategy, only the

the same as for one iteration with the Newton-Raphson method
for logistic functions, so these two approaches require about the
same effort

combination of heuristics and theory produces about the
same indexing quality. No significant differences were
found between logistic and linear (iterated) functions.

All these findings, however, refer to the specific appli-
cation tested here. In contrast to the experiments with
logistic models described in [Robertson & Bovey 82], we
have very large learning samples, even in relation to the
number of parameters to be estimated. The number of
elements of the description vector also may affect the
almost identical performance of linear and logistic func-
tions. For smaller numbers of parameters to be esti-
mated, the difference between linear and logistic func-
tions may be important. For example, in the experi-
ments described in [Fuhr & Buckley 91], indexing func-
tions are based on about 5 parameters, and the learn-
ing samples available do not allow a larger number of
parameters. So more experimental work is needed on
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logistic functions in order to fill the gap between the
results of Robertson and Bovey and the work described
here.
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