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Abstract— Most of the indexing models are based on simple
independent words, also known as key words. This approach
does not take account of the context as wel as the reations
between the words. Therefore, the precision of system islimited.
In this article, we present a structured indexing model based on
noun phrases to increase the precision of an Information
Retrieval System (IRS). In this model, we used a grammatical
parser to extract and structure a noun phrase in determining the
various roles of the words of a houn phrase and their syntactic
relations. We represent the set of the index terms of query in the
form of Bayesian networks which enables us to calculate the
matching function between a query and a document. We carried
out experiments to test this model. That the positive results
obtained encourages usto continuein thisdirection.

Index Terms—Bayesian network, indexing model, infor mation
retrieval, natural language processing.

I. INTRODUCTION

ost of the indexing models use simple index terms

(smple words) with the assumption that they are

independent. In a similar way, the Vector Space Model
represents the documents by vectors of independent index
terms. This assumption simplifies the representation of the
index terms and decreases the complexity of the phase of
interrogation (matching function). However, the precision of
the system is not satisfactory. A promising research direction
consists in using more complex index terms, like nouns
phrases, with the hope to increase the precision of the system.
Bruzaet al. [3] [4] used index terms called “index expression”
which are noun phrases. Bruza's method is based on the
prepositions of the noun phrase to break it up into sub “index
expression”. An “index expression” isrepresented in the shape
of a lattice which is used as a basis for the phase of
interrogation. The phase of decomposition of an "index
expression” in this method is based only on the prepositions
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and it might produce meaningless sub "index expressions'
(noise). Moreover, it is based on the assumptions: the phase of
interrogation is carried out only on the first two levels of the
|attice of the "index expression”. It is probably for this reason
that the precision of the system is not clearly improved. We
seek a more effective method of decomposition of noun
phrases to obtain meaningful sub noun phrases to decrease the
noise at the indexing. We also take advantages of the method
of noun phrase structuring in the work of Arampatzis [1].
Arampatzis e a. proposed a method of noun phrase
structuring in form head[argument] in which specifies the
different roles of the words in noun phrase and the syntactic
relation between them. In our approach, we utilize both the
approaches of Bruza and Arampatzis. First of al, we use a
grammatical parser to extract the noun phrases from the
content of the documents, then we structure them in the form
suggested by Arampatziss. We propose the rules of
decomposition to break up a noun phrase into sub noun
phrases while preserving the original meaning of the noun
phrase. We represent a noun phrase in the form of a Bayesian
network and propose a method to calculate the matching
function based on the propagation of probability on Bayesian
networks representing noun phrases of the query.

Thisarticleis organized in 8 sections. In the second section,
we present the basic concepts of the Bayesian network, then
the concept of noun phrase index terms (NPIT) of our mode.
We describe the set of NPIT which represent the content of the
document or the query. In section 5, we present our method to
calculate the probability of a node in a Bayesian network
which is used as a basis for our matching function. In section
6, we present the matching function of our model. Finally, the
experiments and the conclusions are presented in sections 7
and 8 respectively.

I1. BAYESIAN NETWORK

A. Definition

A Bayesian network, also called probabilistic causal graph,
isdefined by atriplet (V, R, PC) [9]:
The set V of the events {V;} of a domain. These
events are associated with nodes in the graph. Each
event V; is associated with two possible states. V;
istrue denoted as V; and V;is not true, denoted as
Y
The set R of all the relations between the events.
These relations are presented as directed arcs
where the direction of arc indicates causality:



{Vchild - Vparmt}

e Theset PC of al the conditional probabilities of a
parent given his children Pr(Voaenr | Venitans. .-,
Veniian)- FOr the node Vj without a child, the
probability Pr(Vj| &) is reduced to the prior
probability Pr(Vj).

B. Link matrix

The probabilities of a node are calculated by considering all
possible combinations of the values of his children. These
conditional probabilities are stored in a matrix called link
matrix. Each line of this matrix corresponds to a possible
value of the parent node, and each column is a possible
combination of the values of his children. Suppose each node
takes a value as the sat {true, false}, the matrix of a parent
node with N children will have dimension 2x2™

For example: with a network having three nodes A, B, C;
suppose that A istrueif and only if all of B and C aretrue.

0
s e

Figure |1-1 a Bayesian network

The link matrix of the node A, which contains the
conditiona probabilities of A, isasfollows:

BC —-BC B-C —-B-C
A 1 0 0 0
—A 0 1 1 1

The probability of node A is calculated basing on the
occurrence of B and C

C. Estimation Pr(vparents [Veritts - - » Venitan)-

Given an event A dependent on N possible combinations of
the values of his children Ci (i=1, N). Events Ci are different
events and incompatible pairwise (mutually exclusive) (i.e. it
cannot have two causes carried out simultaneoudly).

The probability Pr(A) is calculated by

Pr(A):iPr(A, )] (11-1)
i=1
We have:
Pr(A,C) = Pr(A|C)xPr(C) (1-2)
Substitute I1-2in 11-1, we have

n
Pr(A) =)’ Pr(A|Ci)xPr(C)
i=n
This equation provides a base to calculate the credibility of
an event A which is the sum of credibility of all the possible
cases for which A can be carried out.
In our approach, we use the Bayesian network to represent

the sat of the noun phrases of the query. The reevance
measure between the query and the documentsis calculated by
the combination of the probabilities of the roots of the
networks.

I11. NOUN PHRASE INDEX TERM (NPIT)

A. Definition

In this part, we use the concept of noun phrase index term
(NPIT) which is proposed by [2] within the framework of a
relational indexing model.

Wedefineaset of labels, indicated by L={11,I2... In}, where
li is an atom. An atom can be a ssimple word or compound
word like "White House"

We also define a set of relationsR = {R1...,Rm}. Each Rj is
abinary relationon L.

A noun phrase index term is structured as the following:

| =T R [A1] R [A]...Ri[Al]
where

Tel

Ri eR

Let T be the head of the term and A, be the arguments. A;is
either an atom or a noun phrase index term itself.

A noun phrase can be reduced to only one head. The R,
qualifies the relations between the head and the arguments.
This qualification of the relation is optional. It appears only if
this reation is not generic. The argument is defined
recursively.

A NPIT can be represented in the form of an n-ary tree in
which the nodes are atoms of the NPIT. The direction of an
arc represents the dependency between words (main word
towards dependent word).

For example : the noun phrase “ Software for the simulation
of earthquake and volcano" can be structured in the following
way:

Software for [simulation of [[earthquake] and [volcano]]]

Software

simulation

/\

earthquake volcanc

Figure 111-1 Example of dependence tree

In the next section, we propose a set of rules to break up a
NPIT into sub-NPIT until obtaining the atoms. Sub-NPIT
obtained will be used to build a Bayesian network which
represents the relation of "causality” existing between them.
That means if one has probability of NPIT children occur, we
can calculate the probability that NPIT parent occur.



B. Rules of decomposition

The objective of this section is to formalize rules of
transformation of NPIT so as to obtain a network of sub-
NPITs on which the matching function will be based. The goal
of this decomposition is to preserve as much as possible the
meaning of the initial noun phrase. With this intention, some
assumptions on which we build rules of decomposition are
needed.

First of al, we make the assumption that a sub-NPIT with a
head and n arguments can be decomposed into n sub-NPITs.
Each sub-NPIT containsthe head of the original NPIT and one
argument of it. These sub-NPITs are more general than the
original NPIT. We concretize this assumption in the following
rule:

1) Rule 1: Digribution of the head

Given aNPIT I =T Ry [A1] R2 [A2]...R, [An]. We break up

lintoN sub-NPITs 11=T Ry [A4], .... IN=T R, [Aq].

R1 R2
R3 > R R R3
Y
AL Y A3

Figurelll-2Rule 1

With this assumption, the principa meaning of a NPIT,
represented by the word head, is preserved in sub-TISs
obtained. For example: the TIS simulation of [[earthquake]
and [volcano]]] of the preceding example can be break up
into these two sub-NPITs:

I, = Simulation of [ earthquake]

I, = Simulation of [ volcano]

The second assumption is that a noun phrase preserves its
meaning after removing its arguments. Then we propose that
the argument of a noun phrase preserves sufficient meaning to
be used in relation to the origina noun phrase. The second
assumption makes it possible to be used to simplify a noun
phrase by its structure. Because of the destruction of the
structure of the noun phrase, this assumption is probably less
often valid than the first assumption. We present the rule
which concretizes this assumption next:

2) Rule 2; Extraction of sub tree at thefirst level

GivenaNPIT I =T; Ry [ T, R: [ A2]] (the head T1 has
only one argument that is not an atom). We break up | into
twosub-NPITsI1=T; R [ T,] and 12=T, R, [ A2]. The Ry
relation is preserved only between the heads of the noun
phrase.
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-
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A2

AL || A2 || AZ3

Figurelll-3Rule 2

For example: Software for [ simulation of [[ earthquake] and of
[volcano]]] isbroken down to

11 = Software of [ smulation ]

12 =simulation of [[ earthquake] and [volcano]]

With this rule, we obtain sub-NPIT |1 which keeps the
principal meaning of the original NPIT, and 12 is a piece of
important information of the original NPIT, but 12 does not
correspond exactly to the principal meaning of the original
NPIT. This observation will be used as guidance in the phase
of calculating the probability of the original NPIT given some
of itssub-NPITs.

3) Rule 3: Bursting of the atoms

Given aNPIT inform Ty R; [ A1 ] where Al isan atom, we

break up | into two atoms T, and A;

TRA

Figurelll-4 Rule 3

In the NPITs obtained by rule 3, the part of head T keeps
the meaning of the noun phrase T R [A ]. This means if one
observed the term T as a representative of a document D, then
the probability of observingthe NPIT T R[ A ] islarger than
the term A was observed.

For example: Smulation of [earthquake] is broken up into
two simple words: Smulation, earthquake.

C. Network of the noun phrase index terms (NPIT)

Given a NPIT, we use rules 1 and 2 recursively until
applying rule 3 to obtain the atoms. The application of these
threerules on any finite-sized NPIT will break up all the nodes
of the NPIT into atomsin finite steps.

The network is built according to the decomposition
processes and the arcs are directed from the obtained sub-
NPITs towards the origina NPIT. For example, the network



for NPIT "Software for smulation of erathquake and volcano"
isasfollows:

Software for [simulation of [[earthquake] and [volcano]]]

T

Softwere for [simulation] Simulation of [[eanlujake

/ \ Simulation of [ eathwal@] Simuiation of [volcano]

simulation eartf‘quake volcano

[volcand]]

Figure 111-5 Network of noun phrases

IV. ORGANISATION OF INDEX TERMS

A. Set of index terms

In this section, we present the process to build the set of
index terms associated with a document D. This set isbuilt in
two phases: the first consists in extracting the noun phrases
from the content of the documents and the second consists in
breaking up them into sub-noun phrases by using the
suggested rules. The noun phrases extracted directly from the
content of the documents are used to represent their content
and we suppose that the suggested rules make it possible to
obtain sub-NPITs which preserve the meaning of the original
noun phrase. Therefore, they are also used to represent the
content of the document.

The phase of indexing is carried out according to the
following steps using a grammatical parser:

1. Tagging

2. Extracting longest noun phrases as possible: we use
the rule-based transformation approach [12] for this
step.

3. Structuring a NPIT in the form head[ arguments]

4. Decomposing aNPIT into atoms

We will discuss more about the set of obtained index terms.
For each document D, after step 2, we obtain the set of the
noun phrases extracted directly from the content of document,
denoted by Extraction(D). This set can be used as set of noun
phrase index terms associated with the document. The use of
the longest noun phrases as index terms can increase the
measurement of precision of the system but risk to decrease
the recall. Not to lose a recall, we carry out step 3 and 4 to
structure of the noun phrases and to break up them. All the
noun phrases obtained at the end of step 4 form a set, denoted
by Decomposition(D). Therefore, for us, the set of the index
terms associated with the document D is the union of the
Extraction(D) set and the Decomposition(D) set, denoted by
X(D). It should be noted that it is an approximation because
the elements of Decomposition(D) may not be explicitly in D.

B. Bayesian network of the index terms of the request
We apply the same decomposition process in sub-NPIT to
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the query. We build a set of networks for the query. A network
of query represents the dependence between terms of a noun
phrase of the query.

/N
AN

t q122

Ll e iz
Figure 1V-1 Networks of index terms of a query

The highest level of the network is the set of NPITs
extracted directly from the query. In short, in our model, the
index terms combine the simple terms and the noun phrase
index terms.

V. PROBABILITY OF A NODE IN THE NETWORK

We recall that each node N in the network is associated with
an event concerning a noun phrase index term. Therefore,
there are only two values for each node N: N = true (event
associated with N occurs) and N = false (event associated with
N does not occur). The probability of N=true, denoted by
Pr(N), and the probahility of N = false, denoted by Pr(=N)
depend on the occurrence of events associated with his
children, i.e. conditional probability. For a node N without a
child, the probahility Pr(N) or Pr(=N) is the prior probability
of the event associated with N.

A. Nodewith N children

Given a node N having n children, the occurrence of event
N depends on the events associated with his children. For n
children, each child node can take either of the two values true
and false. Therefore, there is 2" possible subsets of values of
events concerning these n children and a combination is called
a configuration of N. The set of all the possible configurations
of N is denoted by m(N) while each configuration is denoted
by mi(N). The m(N) are mutually exclusive in a probabilistic
point of view. The probability that the event associated with
node N occurs can be calculated by the sum of al the
probabilities of the 2" possible configurations of N:

Pr(N) =Pr(N|z(N)) = > Pr(N | m(N)xPr(m(N))
i=1

The probability of a configuration m;(N) is obtained by the
product of the probabilities of each variable of the
configuration because it is supposed to be independent:

Prn(N)= TT PN)x TT (Pr=N))

Niezi(N) —Nezi(N)
where N; emi(N) means that the N; variable takes the value
“true”’ in the configuration (N; occur)
-Nie mi(N) means that the N; variable takes the value

“false” in the configuration. Therefore, we can develop the



preceding formulaas follows:

2
RN=PNIZ(N)x [TRNx [T @&-RN) (v-

= Nez(N) —Nez(N)

B. Conditional probability Pr(N|7z(N))

Normally, the conditional probabilities Pr(Nfm(N)) are
stored in a link matrix (cf section 2). However, when the
number of children of a node N is large, the calculation and
the storage of these matrices impose problems of time and
space of storage. To solve these problems, we use functions of
probability instead of link matrices.

We calculate the conditional probability Pr(N|rti(N)) of a
node N in considering his children and according to the rules
of decomposition used for thisnode.

1. Let a node N associated with a NPIT | can be
broken up into N nodes N;...,N; by rule 2. We suppose that N;
have the same importance for N and the conditional
probability of N by knowing m;(N) is dependent only on the
number of children having the value "true" (i.e. the event
associated with this child occurs). Let us suppose that
Pr(N;)=pi, Pr(N}mi(N)) is calculated by the following formula:

Pr(N |7Z'|(N)): Pi1+...+ Pn

2. If anode N associated with aNPIT | can be broken
upintoll, 12inusingrule 1 or rule 3 in which 12 keeps the
head of I. We propose following wei ghtings:
r(N]iiniz) = o (i.e the probability of event N occurs,
if one observesthat all of I; and I, occur)

Pr(N| izan—iz ) = B (i.e the probability of event N
occurs if one observes that 1; occurs and |, does not
occeur)

PI‘(N|—|I1/\|2) =\

R’(Nl—ﬂl/\—ﬂz) =0

(V-2)

Pr(lfre(1)) = oxx Pr(ip)xPr(iz) + Bx Pr(iz) x Pr(—iz) +
Ax Pr(=iy)x Pt(i) (V-3)

These parameters are determined by experiments with the
constraint oo > B > A ando,B,A € [0,1]

VI. MATCHING FUNCTION

To define the matching function between a query Q and a
document D, we need the following definitions:
Given aNPIT I, the set of all sub-TIS| isindicated
by ¢(1).
Given a request Q, x(Q) is the set of the index
terms associated with Q.
We define Roots(Q) be the set of all roots of all the
networks associated with Q.

In the next sections, a leaf node (atom) of the NPIT network
is denoted by t and other nodes of NPIT are denoted by e
(instead of N asindicated in the preceding section).

A. Measure of relevance
In the logical modd for information retrieval, adocument D
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isrelevant for arequest Q if D implies Q, denoted by D — Q.
In our modd, the measurement of relevance P(D—Q) is
estimated by the conditional probability Pr(Q|D). The query Q
is represented by a set of networks of noun phrase index term
(NPIT) in which the NPITs g, are the roots of the networks (g,
€ RootsQ)). We suppose that these NPITs g, are independent.
The Pr(D—Q) probability is calculated as follows:

Pr(QID)= [] Pr(ea|D) (Vi-)

ege Roots(Q)

The relevance between a query Q and a document D is the
product of the conditional probabilities Pr(e,|D) of the NPIT
roots of the networks associated with Q.

These probabilities are calculated based on the networks of
NPIT &, Each time we observe a document D, we suppose
that the document is relevant for the NPIT &, The event "the
document D relevant for e;" implies that all the index terms
associated with D are relevant for e, and that the values of
relevance of these terms can be estimated by the weighting of
these terms in document D. These events change the
probabilities of the index terms which belong to p(e) N
X(D). The change of these probabilities produces a
propagation of the changes of probability Pr(e|D) for al the
nodes e in the network of the NPIT &

€q

e A

P NANZAN

tq4
’ -
7 -
\
\
\
\
\

~

/
4
7

—~

\ D-/

Figure VI-1 Network of the query

The propagation is carried out based on the calculation of
probability Pr(e|D) of the terms e belonging to g (eq) N X(D).
For the leaf nodes which do not belong to g (e;) N X(D), we
suppose that the Pr(t|D) probability is equal to zero. It means
that D is not relevant for T. Then conditional probabilities of
nodes g € e;are calculated until theroot of the network e,

In the next section, we introduce a method to estimate the
prior probability and the conditiona probability of the nodes
in anetwork of aNPIT of aquery given document D.

B. Probability of leaf node

Probability of aleaf nodet given a document D observed is
calculated in the following way:

st e y(D)

. VI-2
snon ( )

Wk
PPa):{o
PP: Probability of presence of the term t in the document D.
We propose two methods to estimate this probability:
Binary method: this probability is equal to 1 if the



term t belongs to the document D, otherwise 0.

e Method tfxidf: we estimate this probability by the
value tfxdf normalization of term t. This method
alows us to distinguish the role from the term in
different documents.

C. Conditional probability

The conditional probability of a node e can be calculated by
two ways. The first one is the use of the probability of
presence of the term e in the document D. The second is a
conditiona probability which supposes that one knows all the
probabilities of his children. In order to weight the importance
of a compound term, we choose the maximum value of the
two values obtained by two different cal culations:

Pr(e) = Max(PP(e), Pr(e| z(e))) (VI-3)
where

PP is the probability of presence of the term e estimated by
the formula (VI1-2)

Pr(eln(e)) is the probability of the node e given all the
children of e estimated by the formula (V-2) or formulates it
(V-3).

In the next, we give two examples in which we use two
solutions to weigh a query term which belongs to the set of the
index terms of a document. In the first, we consider the
presence or not of such query term in a given document. We
assign 1 to al the query terms beonging to X(D). In the
second, we estimate the importance of a query term in a given
document using tfxidf.

D. Example

In this example, we use the simplest case of the formula
(VI-2) with w; = Pr(ty|D) equal 1 for al t4 € (&;) nX(D) and
Pr(tyD) = 0if ty & X(D).
We choose the parameters o, B, A of formula (V-3) the values
0,8;0,7 ;0,5 respectively.
Given acollection D ={Dy,D, D3}

D, = {value of information in competitive situation}
D, = {value of knowledge}
Ds={vaue of al information system}

and query g = { value of information within business}
NPIT of d1 can be structured as
value of [information in [situation[competitive]]]
NPIT of d2 structured as
value of [knowledge]
NPIT of d3
value of [system[information]]
NPIT of query g
value of [information within [business]]

The set of index terms of this collection is:

{value, information, competitive, situation, value of
[information], information in  [Stuation[competitive]],
information in [Situation], sSituation[competitive], value of
[information in [Situation[competitive]]], knowledge, system,
value of [knowledge], value of [system], system[information]
value of [ system[information]] }

86

The set of the index terms of the collection D is

The following figures illustrate the three networks
corresponding to the three queries and the relevance measure
of g for these three documents d1, d2, d3

Value of [information within [bussiness]]

7 T

Value of [information] Information within [bussinees]
value information bussiness
Competitive situation
dl

Pr(qiD1) = 0,875

Value offinformation within [bussiness]]

Vaﬁ&nforméﬂonl\ Information within [bussinees]

value information bussiness

IS knowledge

Pr(qiD2)=0.560

Value of [infomretion within [loussiness]]
\/dw()ﬁfvdﬂﬂi?]\ Irformetion within [bussinees]
vale informretion bussiness
N %/51 1
So \\ i
N Il i
VE‘LB[S/S:GTI - S \\ | gﬂ'ﬂn[l 01]
‘‘‘‘‘ AN i —,—"‘—
B~

Pr(q|D3)=0,686

Observations
A document which containsa NPIT is morerelevant than a
document which is indexed by ssimple terms contained in the
NPIT and does not contain thewhole NPIT:
e Thedocument d1 isthe most relevant for the query
because it contains the noun phrase index term
"value of [information]"
e Thedocument d3 and the query contain the general
terms "value' and "information" but d3 does not
contain the noun phrase index term term "value of



[information]”. For this reason the value of
relevance of d3 islower than that of d1

The measure of relevance of d2 is lowest because
d2 contains only one term of the request, the term
"value'.

Because of the assignment in dl terms which
belong to x(D) of the value of 1, it realy does not
deal with the measure of the importance of this
term in the document. Moreover, if aterm appears
in several documents, it will have the same
probability (equal to 1) for al the documents
which contain it without consideration of the
different role that it can have in each document.

VIl. EXPERIMENTS

In order to test our modd, we built a Viethamese test
collection which contains 15.000 documents, 50 requests and
a file of evaluation of the relevance. Moreover, we built a
parser grammatical for Viethamese [14] in order to extract the
Viethamese noun phrases

Then, we added to the X-1OTA information retrieval system
[10] (asystem developed by team MRIM at laboratory CLIPS-
IMAG in Grenoble - France) the modules to process the
Bayesian networks to calculate the matching function
suggested in our model. Moreover, we used the collection test
of CLEFT2002 [http://clef.iei.pi.cnr.it/] and parser XIP (Xerox
Incremental Parser) of Xerox to extract from the French noun
phrases.

Our experiments using our model are presented in the next
section.

A. Test on the Viethamese corpus

We used the Viethamese corpus built for this test and used
our Vietnamese parser to automatically extract the Vietnamese
noun phrases. Then we manually structured the query in the
form head [arguments]. The following experiments are
carried out on the Vietnamese corpus.

The experiment (named RUN) uses the vector
moded based on simple teems. We used the
weighting schemain [13];

The experiment (named RUN1) uses our modd in
weighting the terms of the query by 1 or O
according to their presence in the examined
document;

The experiment (named RUN2) which uses our
modd in weighting a term of the query by the
value tfxidf normalization to represent the
presence and the importance of a term of the query
in the given document.

Weighting tfxidf normalization is calcul ated by:
tf normalization = tf / max(tf)
idf normalization =log(N/n)/log(N)
where
N isthe number of documentsin the corpus
n isthe number of documentswhich contain the term

Theresults are shown in the following table;

RUN RUN 1 RUN2
Average 0.4717 0.4086 0.5113
Precision
Courbe rappel - précision
HES
06 m
o5 T~ RoN

RUN1
RUN2

précision

04

03

02
0,1

rappel

Figure VII-1recall- precision graph

We can notice that our model, with a weighting of the terms of
the query by the value tfxidf normalization, gives a better
average precision than the other two methods. Indeed, a
Boolean weighting (0 or 1) for the terms of the query gives a
result lower than the vector model. The relative importance of
a term in the document must be explicitly taken into account
in the calculation of relevance status value.

B. Test on the French corpus

In this part, we describe the experiments and the results of
using the Bayesian networks of the query on a French corpus.
We carried out this test on the corpus sda94 of CLEF
consisting 43.178 documents (size: 2,7GB - format XIP) with
the 50 requests of CLEF2002.

We traverse the networks of the query on all the documents
containing one or more terms of the query as index terms of
the document. For each document, we cal cul ate the probability
of relevance by the method suggested in section 6. We tested
two methods of calculation of probability of a term of the
query on given document.

We carried out the same experiments described in the
previous section on Vietnamese corpus. The results are shown
in the following table:

RUN RUN1 RUN2

Precision 0.2706 0.1035

average

0.0608
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RUNZ1: the network with Boolean weighting (0,1);
RUNZ2: the network with the weighting tfxidf normalization;
RUN: traditional vector model with simpleterms

With the matching method using the Bayesian network, we
obtained a result much lower than that of the vector model
(see the graph in Figure VII- 2). The reason of this negative
result may be due to these two problems:
The noun phrases produced by XIP are not
correct;
The structuring of a noun phrase in the form
head[argument] isnot correct.

Our model calculates the value of relevance between the
query and the document by considering the role of the term
and the weighting of the head word. Consequently, if the head
is incorrect, an importance will be given in the term in which
does not have it and the precision will decrease.

In order to find out the causes of this bad performance, we
modified manually the structure of the query, to submit to the
system a correctly structured query. We did it only for the
query C091 of CLEF2002 and started again three tests RUN,
RUN1, RUN2. Theresults, on thisonly query, are asfollows:

RUN RUN1 RUN2

Average 0.1074 0.1133 0.0454

Precision
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Experiment RUN1 (network and Boolean weighting) givesthe
best result. The average precision is 0,1133 in comparision
with 0,1074 for the traditional vector model (RUN). This
confirms the importance of a good structuring and the validity
of our approach.

In a practica way, we conclude that the output of the system
XIP isnot directly usable for the Information retrieval system
with the model proposed. Moreover, the use of tfxidf in
experiment RUN2 gives a weak result. We deduce that this
weighting is not adapted to estimate the importance of noun
phrase index terms (NPIT). Indeed, the value idf of NPIT is
larger than that of the simple terms. If a document contains
one or more in common NPIT with the query, and even if
these terms are not important for the query, this document will
be evaluated as more relevant than documents which contain
important simple terms for the query.

VIII.

We proposed a structured indexing model for information
retrieval based on noun phrases. These noun phrases represent
the content of the document. They are organized in the form of
Bayesian networks. The networks representing query are used
as the basis of probabilistic inference in the matching function.
We recognize an augment for the precision of the system in
comparing with using vector space moddl. In fact, we note that
the performance of our model depends directly on the quality
of the structuring in noun phrases of the request, as well as
structuring of the index terms of the documents. If the noun
phrases of the query are well structured, our experiments show
that the precision of the system is improved. On the other
hand, it seems that traditional weighting tfxidf is not adapted
to our approach. Other weighting schemes remain to be
defined and tested.

CONCLUSION
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