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Abstract: Web documents retrieval is very challenging due to the huge amount of
documents available and difficulty to interpret these documents. Both effectiveness
and efficency of retrieval are important. This paper presents some approaches
from soft computing to improve effectiveness of web documents retrieval. These
approaches give a more accurate and reasonable representation of terms provided
by the user, present how to match terms and documents with fuzzy logic
techniques, and show how to reduce the number of matched documents and
necessary terms. A possible architecture for a neuro-fuzzy system to match terms
and documents is sketched. This paper also discusses how to form linguistic rules

by polling a panel of experts.
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1. INTRODUCTION

Huge amount of data exists in World Wide Web,
which makes web mining an interesting and chal-
lenging task. Some of the characteristics of the
data on the web involves unlabeled data, het-
erogeneous data, time varying data, distributed
data and semi-structured data. Aside information
retrieval, some of the challenges are information
extraction, pattern recognition, machine learning,
validation analysis and knowledge acquisition. In
this connection the reader is referred to [6] for a
good look at the large scope of web mining extend-
ing from text retrieval to multimedia retrieval.

In this paper we propose and discuss some tech-
niques for document retrieval, usually performed
by web search engines. Basically there are two
phases to find the documents/web pages based
on searching criteria provided by the user. First

phase involves matching searching criteria with
locally cached documents or documents in the
remote web sites. If due to the poor matching
quality lots of documents are matched(usually it
is the case), we need rank these matched docu-
ments according to some non-content criteria(e.g.,
structural information such as hyperlinks). Some
web search algorithms, such as HITS and PageR-
ank, rely on the second phase to rank hundreds
of matched documents and present the best fits
first to the user. The difficulty of locating highly
matched documents comes from:

e Insufficient description of search criteria from
the user and,

e Difficulty to interpret the document besides
symbol processing.

Our approach uses soft computing techniques and
improves effectiveness of documents matching in



the first phase. We present some ideas to reduce
the number of terms supplied by the user to de-
scribe the documents they want and how to reduce
the number of matched documents to improve the
matching quality.

Lots of ideas has been proposed for text retrieval.
We list some techniques and related problems that
we will address in this manuscript:

(1) Term-Document Approach Term relevance is
somewhat subjective. The relevance of a term
in a document assigned by the designer and
the user typically do not match.

(2) Training Set Approach Given that there is
only a partial match(i.e. imperfect match),
reasonable retrieval methods need to be
found. The designed system should have the
capability to learn to retrieve better.

(3) Document Reduction Approach Since a very
large number of documents exists on the
web, it is important to reduce the number
of documents relevant to a query.

(4) Linguistic Approach Many users feel more
comfortable framing their queries as linguis-
tic queries, e.g. many feel more comfortable
stating that relevance of term t is high than
stating the relevance of term t is 0.8 ( on a
scale of [0,1]).

(5) Rule-based Approach If the capacity of han-
dling linguistic queries is present, that ca-
pacity is often provided by a set of rules.
How does one obtain such rules given that
conflicts of opinions probably will take place,
even among experts?

(6) Term Reduction Approach Many terms could
be used to describe a document. Therefore, it
is important to be able to reduce the number
of terms.

(7) Neuro-Fuzzy System Approach Retrieval rules
are bound to be fuzzy. Fuzzy rules are only
as good as membership functions describing
fuzzy terms. How can one learn the member-
ship functions? The designed system should
have the capability to learn to retrieve better.

Many researchers in recent works have felt that
soft computing seems to be the right approach to
handle problems of this nature. The principle tools
of soft computing are fuzzy logic, neural networks,
genetic algorithms, rough sets and more recently
neuro-fuzzy systems.

One of the aims of soft computing is to achieve
more ”“human-like” decisions. For ideas along
these lines see [18]. For references to soft com-
puting specifically applied to information retrieval
see [9]. For information on linguistic queries see
[17]. For applications of fuzzy logic to information
retrieval we refer the reader to [11] while for appli-
cations of neuro-fuzzy systems to web mining we
refer to [10]. Many researchers have used an ar-

tificial intelligence approach, specifically creating
agents, for information retrieval, see [12] and [3].
For an application of neural nets to searching see
[8] and [7]. Finally for the basic and introductory
materials on information retrieval we refer the
reader to [4].

Mainly this paper discusses some possible ap-
proaches designed to meet the challenges outlined
in items 1-7 of this section.

2. THE TERM-DOCUMENT MATRIX

A natural setting is to view information retrieval
as being defined by a ”term-document” matrix.
More generally, see [2] for the use of linear algebra
in information retrieval.

Let dq,ds,---,d, be n different documents, ¢t =
(t1,t2,+ -+, tm)T be terms in these documents, and
i; denotes the degree of certain term ¢; belonging
to an document d;. Let ¢ be the m by n term-
document matrix as below

P11 P12 - Pin
Y21 P22 ... P2on (1)

©ml Pm2 -+ Pmn

This can be translated into the following set of
rules:

tm = Ym1, then I = 1;
tm = Ymo, then I = 2;

o If tl = Y11 and ...
o If tl = P12 and ...
® -

o If t1 = 1, and ... t,, = Py, then I = n;

Here I is the index of the relevant documents.
That is, if t = (t;,tg, -+, t,,)T and t; is ¢;; rele-
vant to dj, then d; is the appropriate document
and the index I is j. We have n rules, which
reflect a possible exact match with a column of
matrix ¢. Typically, in a query the term vector
t = (t},ty,---,t..)T may not match the original
term ¢t = (t1,t2, -+, tm)?. Therefore, we have to
relax the matching by changing the numbers ;;
to a function such as a triangle with a peak at ;;
or a Gaussian function centered at ¢;;. Then we
have a set of fuzzy rules. Before we do this, we
develop formula for computing the index in case
we do not have an exact match.

3. FORMULA REPORTING INPUT AND
OuUTPUT

Let X = {z|z € R,,} and z; be the relevance of
term ¢;(measured on the same scale as entries of
©). Then we can define a function ¢; : X — R

by:

()
= 2
S T i s S



The meaning of ¢;(z) can be interpreted as the
strength normalized to which the I** rule applies
given input z.

The output can then be approximated by

I(@) = i) (3)
=1

I(z) is “the index of the most relevant rule given
the term input a”. Of course, I(z) may not be
an integer value. In this case we could select the
rule which is “the closest” to I(x). This would be
a reasonable way to pick the right rule provided
the documents are “clustered” in the right way.
i.e. ds is close positionwise to d; if their column
vectors are close. If the d's are not clustered we
can pick those d's for which ps(x) > 7, where T
is a predefined number in [0,1] (i.e., look at those
rules whose strength is at least 7).

At any rate, the values of ¢;(x) (1=1,2,...,n) de-
termine what documents to retrieve. In the next
section we consider the case where the documents
are not clustered in the right way.

Here is an example to illustrate our method, and
the computation is implemented in Maple9.

Suppose we generate the following term-document
matrix, which has five documents and six key-
words used for indexing,

0.80.20.1090.1
0.80.109080.9
0902020902
0.1 0.10.10.80.2
0.1 0.80.10.90.9
0.10.20.10.80.1

Membership functions for these documents are
defined as,

0, 0<z<06
fi= 5¢c —3 , 06<x<0.8
—5zx+5 , 08<z<l1

0, 0<z<07
fo={5x—35 , 07<x<09
1, 09<z<1

1, 0<z<o01

fs={ =bzx+15 , 01<z<0.3
0, 03<z<l

S50, 0<x<0.2

fai=<{ —bx+2 , 02<2<04
0o , 0d4<z<l1

And with a query,

0.9
0.8
0.9
0.9
0.8

Our program written in Maple9 shows that the
fourth document has a perfect match, i.e., I(a) =
4. And in this case the entries 0.1,0.9,0.2 and
0.8 of A were changed into membership functions
peaking at these values. More specifically, 0.1 was
converted to fs3, 0.9 was converted to fs, 0.2 was
converted to fs, and 0.8 was converted to fi.
The linguistic interpretion of f3, fa, f4, and fi is
respectively low, high, average low and average
high. It should be noted that for more reliable
result rules with low strength should be discarded
as many such rules could move the index up or
down from its legitimate value. In all cases high
values of ¢;(x) will be indicators of appropriate
documents for z.

4. USING TRAINING SETS

It may well be the case that one has far more
documents than needed for typical queries. We
assume here that we have a training set of the
form (z!, I'),....(z"V, V), here 2 is a vector of
relevance of terms t1, ta, ... , tm, and I’ is the
index of the ideal rule to be retrieved for z°.

How can we make use of such information? We
start by forming:

wl(x;) wn(x;)
S P
gpl(xN) gpn(a:N)

Each column of the matrix & relates to the
strength of corresponding rule for each data point
z* (1 <4 < N). We note that ¢;(27) denotes the
relevance of 27 to document d;.

If the d’s are clustered in the right way we could
have

1 It
72

o 2= T )
n N

In the above, I* would be the index corresponding
to z¥, and we could have [* = I* (1 <k < N) by

(3).
What should be done if the d’s are not clustered
in the right way? We need to replace



by some predictor a2
n On
So now we set
aq It
|| I? (8)
Qn I.];]
SO
a1 It
a2 | _ gt I? )
o r

where ®7 is the pseudo inverse of @, i.e.,

ot = (oT) 1T (10)

This yields the least square approximation to the
data. The output is now related to the input by

I(z) =) cudi(x) (11)
=1

where oy are given by (9).

Thus the determination of the a’s using the least
squares allows to retrieve the right documents
even if they were not originally clustered. The
searching for many documents may be compu-
tationally expensive. Therefore, we would like to
cut down the number of documents and still get
”reasonable” matching for a query. To achieve this
goal, we want to suggest a method to reduce the
rank of the matrix ® which will be discussed in
the next section.

Again here we use one example to illustrate our
idea. Since using the previous method using this
example we could not get a reasonable match, we
need to compute the appropriate predictor a.

Suppose we have a training set as (2!, 1), (1 <
I < N), where

and z! saves the relevance of the 6 terms for input
2!, and I' is the index of right document for input

.

Here the number of documents is 5, and cardinal-
ity of training set is also 5. Our training set is

[0.9]
0.9
0.9
0.2
0.2
0.2

and I' = 1.

[0.17]
0.1

0.1
0.9
0.2

and I? = 2.

[0.2]
0.8
0.2
0.1
0.1

0.2 |

and I® = 3.

[0.9]
0.9

0.8
0.8
0.8 |

and I* = 4.

[0.2]]
0.8
5 0.2
0.2
0.8
0.1

and I° = 5.

w11 = f1, 012 = fa,013 = f3,014 = f2,015 = f3,
w21 = f1,p22 = f3,023 = fa, 024 = f1,025 = fo,
031 = f2,32 = fa4,033 = fa,0314 = f2, 035 = fa,
041 = [f3,042 = f3,043 = f3,024 = f1, 045 = fa,
w51 = f3,52 = f1,053 = [f3,054 = f2, 55 = fa,
w61 = f3, 062 = f1, 963 = f3,064 = f1, 065 = [3

And with a query,

0.8
0.7
0.8 (18)
0.8
0.7

We compute



I(q) = a1p1(q) + a2p2(q) + azps(q) +
aspa(q) + asps(q) = 4.0 (19)

which shows that the fourth document is a match.

5. REDUCING THE NUMBER OF
DOCUMENTS

We use Singular Value Decomposition (SVD) on
P,

»=U%, VT (20)

where ¥ = diag(o1,...,0,), U is N x r and
VT is r x n (This is obtained after crossing
out appropriate rows of V7 and columns of U
corresponding to small diagonal values of X). The
idea now is to obtain the QR-decomposition of
the new matrix V7. We review the process for
any r X n matrix H. If H is any r X n matrix:

hit hi2 ... hip
H= (21)

The QR factorization of H can be obtained by
applying the Gramm-Schmidt (G-S) orthogonal-
ization process. For the sake of completeness, we
present the G-S algorithm here.

Set hi, ho,- -+, h, to be the independent columns
of H, thus,
ha
q1 = (22)
([P
q; = hi — Pi_1h; (23)
where
i—1 ’
P,_1h; = Z < hi,q;c > q,k 5 (24)
= [l
So,
H=QR (25)

where Q is a matrix whose columns are the ¢’s
just constructed and R is upper triangle. In fact
it is easy to verify that the ps, column of R are
the components < hy, gx > of hy, on g1, ...qy.

We apply this to V7:

yT=|" (26)

VT = QR, some columns of Q are made of
0’s. Without loss of generality we may make the

corresponding rows of R equal to 0(since such rows
are irrelevant in the computation of QR).

Move the 0 rows of R to the bottom of R. In order
to keep the product QR intact we have to move
the corresponding 0 columns of Q to the right, so
we get:

G G G 00..0
Q- e 27)
.00...0

| Ri1 Ra2
R_[ ! 0} (28)

Here R;; is upper triangle of size r x r and the
columns of Rps are linearly dependent on the
columns of Ry (the rank of R = rank(VT) =r).

As an example, let us consider V7T applied to a
query X as below:

abcat+bt+cat+b—c To
0de d+e d—e| | z3]|(29)
00 f f —f] |z

ViX =

In this example, the QR decomposition of V7T
yields Q = I and R = V7T,

The 3 rows of RX are:

o a(r1+xatxs)+b(zetastas)+c(zstrs—as)
o d(xg+ x4+ a5)+e(rs+ x4 —25)
o f(xs+ x4 — x5)

So setting:

& 11 =21 +24+2T5
® Iy ==+ x4+ x5
® I3 =13+ T4 — Ts

The relevant part of RX in this example is then:

abece T
0de T2 (30)
00 f T3

v =

In general, the relevant part of R is then Ry; which
corresponds to ¢1, ¢z, ...¢-. The initial positions of
q1, G2, ---G- then correspond to those columns of ¢
that should be kept.

We can throw away n —r documents and still not
significantly downgrade the typical information
retrieval. We do need to reorganize the remaining
term-document matrix.

6. LINGUISTIC QUERIES

It is clear that the approach outlined in section
3 can be extended to a linguistic setting. Assume
we have a set of rules of the form:

e If ¢ty is A1 and ... t,, is Ay, then I =1;



e If ¢ty is A1s and ... t,, iS Ao, then I = 2;

o Ift, is Ay, and ... £, i8S App, then I = n;

where A;; are fuzzy sets with membership func-
tion ¢;; and I is set to the index of the appropriate
documents. We have a set of relevance for the m
terms and we would like to obtain the appropriate
documents using the rules and the set of relevance
may be an m-dimensional vector or more generally
m fuzzy sets, 51, 0o, ..., Bm where §; is a linguistic
value expressing the relevance of term t;. For the
k" rule we compute

(BL X B2...0m)o Rk = Ck (31)

where O denotes the compositional inference:

(B1 X P2 X oo X Br) a1, 02, ey | =

51 (al)tﬂg (042) ...... tﬂm (am) (32)

where t denotes a t-norm. (It is standard to take
the max or the min operator for the t-norm). Ry,
is a fuzzy relation generated by the k** rule and
is defined by

Ri(a1, gy ey Qi) =
Alk(al)tAgk(ag)t ...... tAmk (Oék)tl(l) (33)

Of course if we have numerical values for I, then
I(k) = 1 and I(i) = 0 for i # k. We could also
make I fuzzy, i.e., the answer is mostly document
k, however, it could also be document h or j, might
be translated into:

I(k) = 0.9,1I(h) = I(j) = 0.4, and I(l) = 0 for
L {kh,j}
In fact we want to do this to reduce the number

of rules. Again t in the expression of Ry denotes a
t-norm. The inferential composition is defined by:

[(B1 X Ba--Bm)a Ri(i) =
SUPa, 0z, B1(01) A B2(@2) A cooe A B ()
/\Rk(O&l,O{Q7...,O[m,’L.) (34)

if we select min for the t-norm.

We denote the result of this operation by C(3).
The result of applying all of the rules leads to:

I(i) = C1(i)sCy(i)s...5Cy, () (35)

where s denotes an s-norm(the standard s-norm
used is V, the sup operation). Defuzzifying f(z)
and taking the nearest integer to that defuzzifi-
cation pin-points the appropriate document. An
alternate interpretation could be the appropriate
documents correspond to those indices i such that

I(i) is close to 1 (or for which I(i) assumes the
highest values).

Of course these results will only be as good as
the membership functions ¢;; of A;;.It is quite
possible that some disagreement may be present.
For example, with the following relevance indices
some would state:

If ¢1 is low, ty is low, t3 is high, then the appro-
priate document is mainly 5 and somewhat 2 and
7 are appropriate.

while others may state:

If t1 is low, to is low, 3 is high, then the appropri-
ate document is mainly 10 and somewhat 4 and
13 are appropriate.

In next section we indicate some steps that may
be taken to address these issues.

We end this section by pointing out that terms
such as low and high may have different meanings
even for practitioners of information retrieval. We
also point out that once we have rules of the form:

e If ¢y is Ay1 and ... ¢, is A,u1, then I = Gy;
e If ¢ty is Ays and ... ¢, is A0, then I = Go;

o Ift, is Ay, and ... t,, is Apn, then I = Gy

where Gj, denotes a fuzzy subset of {1,2,...,n}
and once the membership functions ¢y of Ay are
determined then, as earlier, given a query x =
[x1, 22, ..., 2m]T, where x; denotes the relevance
of term t; we can form

I pw (@

Ep=11_Ilc=1%0kp(xk)

If we use, for example, the "height defuzzifica-

tion”, then, if the documents are clustered tighter
in the right way, the closest index to

> nalx) (37)
=1

will index the appropriate document where 7
denotes the value at which G; peaks (or the
average of the values at which G; peaks if G
peaks at more than one value). One could then
use, as earlier, a least square fit to replace g; by
appropriate o provided there is a training set.

7. FORMING THE RULES

Let us suppose, for the sake of specificity, our rules
are of the form:

If tl is Alk
(1<k<n)

and t,, is Amg, then I = Gy;



where the possible values of A;; are low, medium,
high.

We could have a panel expressing their feelings
about low, medium, high.

— low «~— high

0 03 04 07 08 1

moderate

The polling would result in dividing [0,1] into
overlapping regions. In the above figure, 0.4 would
be the highest value assigned to low by one
member of the panel while 0.3 would be the
lowest value assigned to medium by one member
of the panel. We would then generate the following
membership functions:

low moderate high

0 0203 04 0.55 07 08 09

Here 0.2 could be, for example, the highest score
assigned to low by 80 percent of the panel. A
similar interpretation would hold for 0.9. We now
can form the rules using a training set. A typical
training set is of the form:

Ift1 = f1 and ... ty, = frn, then I =g

where f; € [0,1](1 < i < m) and g € [1,n]. If
g = 3.2, for example, it would indicate the extent
to which document 3 is preferred to document 4 as
the ideal answer to the values of t. Of course f; is
the relevance of term ;. It is understood that [1, n)
is partitioned in a manner similar to the terms,

e.g.

d1 d2 dn
f \ T \ T T \
0 1 2 3 n-1 n n+1

The training set should be well chosen so that the
I term covers uniformly the range of documents.
Each point in the training set generates one rule.
For example, if t; = 0.25,t5 = 0.42,t3 = 0.85,1 =
3.2, then the rule ”If ¢; is low, to is moderate and
t3 is high, then the ideal document is 3” would be
generated. Very likely some conflicting rules would
be generated, i.e., rules with the same antecedent
and different consequents. An example of a rule
conflicting with the above rule would be

Ift1 =0.1,t2 = 0.6, t3 =0.95, [ = 2.4,
Then the rule generated would be:

If ¢ is low, t5 is moderate and t3 is high, then the
ideal document is 2.

The rule with the highest applicability should take
precedence. The degree of applicability of the two
rules are:

e low(0.25) A moderate(0.42) A high(0.85) A
d5(3.2)

e low(0.1) A moderate(0.6) A high(0.95) A
da(2.4)

Once we have the rules, information retrieval pro-
ceeds as described earlier. The SVD decomposi-
tion can be used to reduce the number of rules.

8. REDUCING THE NUMBER OF TERMS

It is important to select terms that have more dis-
criminating power. For example, if the relevance of
t1 is approximately 0.3 for all documents, t; does
not contribute much to the retrieval of documents.
The methodology known as the principal compo-
nent analysis seeks to linearly combine terms in
such a way that the variance of the projection
on these linear combinations is maximized. For
additional information on that method see [1], [5]
and [15]. Assume that we have a set of terms
with special values. We then have a sequence
r1, T3, ..., X, ... of m-dimensional vectors where

Ti = [tivtéw"?tin]T (38)

where té- denotes the value of term ¢; for the ith
query.

We seek an m-dimensional unit vector u, so that
the variance of the projections of x; on u is max-
imal. Of course u will be considered a new term
vector obtained by an appropriate linear combi-

nation of the term vectors ;. The projections of
x; — &, where Z is the mean vector are given by:

pi=<x;,—T,u>
=(z; —7)Tu

T(x; — 2) (39)

=1U

then
Zpi = ZUT(xi —I)
=l Z(ml —I)

i

=470
=0 (40)
pf = uT(a:i —Z)(z; — )Tu
=u"[(z; — 7)(x; — )" u (41)

so the variance of the projections is:
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where R is the correlation matrix E[z — Z][y — g].

To maximize this, we construct the Lagrangian
functional with A being the Lagrange multiplier:

J =uTRu+ X1 —u"u) (43)

To maximize J, we compute the gradient of J and
set it equal to 0. This yields

Vul(J) =2Ru—2 u=0 (44)

So to maximize the variance u” Ru of the projec-
tions, we pick u so that Ru = Au. Since

ul Ru = uT  u = A (45)

we need to pick u to be the eigenvector of R with
the largest possible eigenvalue .

More generally, if one orders the eigenvalues of R
as

AL > A > > Ay (46)

and picks A1, Ag,..., A, then the eigenvectors
u1, U2, ...u, become the new term vectors. Each
query ¢ = [h1,ha,...,hy] is then expressed as
¢ = lq1,q2, ..., qr), where ¢/ = >0, qu; and
query involving m terms are converted into queries
involving r terms.

9. REFINING THE MEMBERSHIP
FUNCTIONS

Of course the rules are only as good as the mem-
bership functions of the fuzzy terms involved. In
this section we indicate a possible approach to this
problem. We may approximate rules discussed in
the previous sections by a Sugeno fuzzy inference
system(see [14]). Such a system has rules of the
form:

Ry: if ¢y is A¥, to is A%, ..
=377 oty +

In other words the appropriate document index
is given by some linear functions of the terms.
Intuitively our former rules can be approximated
by such rules because most functions can be
approximated by linear functions locally.

and t,, is A¥ , then

We start the discussion by requiring that only one
document is the ideal answer to a query and then
we generalize this allowing a set of documents to
be the answer to a query. A possible architecture
to provide an answer to rules of the form Ry above
is given in the following diagram.

The square nodes denote nodes containing a pa-
rameter. For example, the Aﬁl(l <l < N,1KL
h < m), where N denotes the number of rules)
denotes linguistic terms such as high, low, etc..
The boxes with input t¢1,ts,...,t, denote nodes
with parameters p¥, p&. ... pk rp.

The nodes P output the corresponding products,
e.g. I, A (t),). The nodes labeled with N output
the normalized products, e.g.,

W, = H?f’zlA?(th)
N m
(21:1 Hh:lAlh(th))

(47)

Finally the box labeled }_ outputs the weighted
sum of I, i.e.

N
=Y Wi, (48)
=1

Several methods can be used to refine the values
of the parameters through the use of a training
set. We briefly outline one of the methods known
as the Hybrid Learning Algorithm. The training
set consists of tuples of the form

4], 19), §=1,2,...m

where I7 is the index of the document that best
answers the query (¢1,t, ...,tJ ). Since 1 is a linear
function of p¥, p&, ....pk i, (1 < k < n), a linear
square fit can be used to obtain a value for
these parameters. Then taking another training
set a forward pass is performed and the result
is compared with the target result. The error is
then backpropagated to obtain the appropriate
adjustment on the parameters of Alh. In fact one
can perform a sequence of least square fit followed
by backpropagation. We finally sketch a possible
architecture that would adjust rules of the form

Ry:if t1 is A’f, ty is AS, ... and t,, is Afn, then
I{C and Ié“ ... and I;f

These rules yield the p best documents for a given
query.



Clearly the Hybrid Learning Algorithm can be
applied to this setting. For backpropagation in
the context previously discussed see [16] and for
architecture pertaining to Sugeno Fuzzy Systems
we refer to [14] and [15].

10. CONCLUSION

We have briefly outlined some possible approaches
to address the problems outlined in 1-8 of the
introduction section. In section 2 we presented the
term-document matrix and extended the entries
to be fuzzy sets to allow for partial matching. In
section 3 we gave a formula to obtain the right
document. In section 4 we sought to improve that
input-output formula through the use of a training
set and the use of the least square fit. In section 5
we indicated how the use of SVD decomposition
can reduce the number of documents of linguistic
queries. In section 6 we initiated a discussion of
linguistic queries and in section 7 we indicated
how linguistic rules might be formed by polling a
panel of experts. We showed how the use of prin-
cipal component analysis may reduce the number
of terms. Finally we sketched some possible neuro-
fuzzy architecture that could be used to refine
the membership functions of the fuzzy rules. It
seems clear that soft computing can and will play
a significant role in web mining.
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