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Abstract.  The paper describes an algorithm allowing to ragseuracy of the Bayesian classifier
due to optimization of its structure using the GMRldorithm MULTI. Comparison of accuracy of
proposed algorithm vs. regression algorithms is enah the basis of forecasting Internet-clients’
preferencesThe specific character of this problem lies in faet that Internet-consumers have a
number of attributes. Developed algorithm esselytidiffers from the Bayesian classifier in that it
allows to find out few “strong”, statistically st&bd attributes among large set of properties
characterizing object and thus to increase the aacy of classification.
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1 Introduction

Ability to establish regularities in statisticalrays is one of necessary skills of a system analyst
Independently of a problem domain (forecastingaafr®mical indexes, estimation of production risks,
identifying of potential clients), every analyst shibe able to use own mathematical tools and scdtwa
to solve forecasting problems, discover hidden leggies and recognize patterns. These tools are
living essentials for them. Without these instrutseanalyst cannot exercise his professional datses
builder cannot build a house without building impknts.

The collection of mathematical tools and softwaesatibed in the paper is meant for solving
urgent problems of electronic commerce. While ownef usual supermarkets use old-established
strategies of goods promotion [1], marketologistsovdevelop advertising campaigns of electronic
storefronts have not any universally recognizedtagy because it is impossible to clarify for stime
characteristics of “remote” Internet-clients (gemdage, social status and so on). The largest
information companies (Google, Yahoo, MSN) are kireame need of methods for forecasting
purchasing capacity of Internet-clients on the dadi their personal data. These methods must
essentially differ from classical marketing techugg. As a result, the companies could give to tdien
not only search services but advertise tying prlaiso.
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The specific character of this problem lies in faet that consumers have a number of
attributes. Meantime, Internet-marketologists wanhave not only an algorithm for classification of
clients, but, in addition, they want to identifycallection of “strong” attributes that guaranteéghh
accuracy of a forecast and allows to understanctesiwof this accuracy.

Our algorithms of forecasting of Internet-clientgirchasing capacity are based on the group
method of data handling (GMDH) and the Bayesiansil@t theory. The twist of the paper is using of
the Bayesian decision rule as a reference functibrGMDH method. It allows constructing a
forecasting model with discrete input and estingainposteriori probability of purchasing for a olie
with known features.

2 Theoretical Part

2.1 Mathematical problem

Let K be a finite set of goods for sale amdoe a M -dimensional set of attribute vectors of Internet-
clients(X;, X,,...,X,,) 0T, wherex, D{O,l} .Thereisamag- : T — K mapping every buyer to a
purchased product. All goods il has the same cost. Attribute set consists of tigjoidt
subsety =L E,Ln E=0. We shall referee td. as an experimental set and o as an

examining set. It is necessary to determine thalggurchased by customers from the examining set
knowing goods purchased by the customers from @rpetal sets so that the number of mismatches

would be minimal. In other words, it is necessany construct a mapF : E - K given a

mapF,_ = F| L, which is a narrowing of F on L  under the
conditiod{XD E|F(X) 7 Fe (x)}‘ - min.
Example:

Let a set of products consists of two elemekis={antivirus systemdoatr} and the

number of dimension$n of the attribute spacé equals to four.
The mapF : T - K is specified by table I.

Tab.1.Example of mapF : T - K

Subsetof T Attribute vector XOT =LOE F (X)

.' (0,0,0,1) systemdoarr
(0,0,1,0) systemdoarr

(1,0,1,0) antivirus

L (1,1,0,0) antivirus
(0,1,1,1) systemdoarr

(1,1,1,) antivirus

(1,0,1,0) antivirus
(0,0,0,0) systemdoarr

E (1,1,0,0) antivirus

(1,0,0,1) antivirus

It is necessary to determine a mbp : E - K mapping customers with attributes vectors from the

examining setE into the set of purchased goods given the farses rows of Table F, = F|  so

that the number of mismatches with real goods ddfiny the last three rows of Table | would be
minimal.
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2.2 Possible approaches to solution

The Bayesian classifier
Let XOT,kOK and there exist joint probabilitie(X,K) of purchasing produck by a client

with an attribute vectorx and a priori probability p(K) of purchasing produdt. Denote by
W(K,k") the function of sellers loss if he proposed pratdk” (K to a client who wished to
purchase produdt. The Bayesian risk is defined by the followingeession.

R(Fe) =2 2 p(x KW(k, Fe(X). @
X kOP
The optimal Bayesian strategy is a mapplﬁé :E - K that minimizes the risk R.

In considered problem all proposed products hagestme cost. ThudV(k, k™) =1, if
k#k andW(k,k')=0if k=K . Then
Fe (x) =argmin " p(x, k)W (k,k") . )

K'OK koK
Let us execute some equivalent transformationgfession (2).

Fe (x) =argmin " p(x, KW (k,k") = p(x)argmin Y p(kx)W(k k") =

K'OK  kOK K'OK kK
=argmin )" p(kx)W(k,k") =argmin " p(k|x) = ©)
KOK koK KOK  kak\K'}
=argmin(Q p(kjx) - p(k'[x)) = argmln(l p(k'|x) = argmaxp(k %)
KOK kK

The proposed products have similar functionalitgl atestination, and they are sold to the same
category of customers. That is why we may assumiealpriori probabilities of their selling are etjua

1
to p(k) = M,Dk O K . This suggestion is confirmed by marketing invgsions. In addition, we

use suggestion about conditional independencetriffuites in vectorX = (Xl, Xz,...,Xm) OT when
productk O K is fixed, namely

p(xK) = |‘| p(x, k). @

Note that this does not imply that these attribatesindependent a priori. Using of (4) is forceda
as the number of experimental data required famesibn of p(xlk) depends on the number of

dimensions of attribute vectoX as a power function. Namely due to using of coodilly
independent components of attribute vectors inrtteelel such Bayesian strategy is called naive.
Granting (3) and (4), we may define

p(xk") p(k)

Fe = = argmax p(k |x) argmax
K OK K OK P(x)

‘ |p(x arkgg:axp(xik )= argmaxp(x1k )= arkgg:axr! P(X; ‘k ).

The probabilities p(Xj‘k ) are determined on the experimental sample asi@ofthe number of

clients purchased produck* with ] th attribute X; to the number of all clients purchased product

k" . In other words,
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‘{xm Ux, OF.() =K}
\{xm UF.(0=K )

The naive Bayesian classifier has several defiggsncFirst, it does not take into account the
dependency between elements of the attribute vektoSecond, when the number of attributes is
large, it is necessary to define a subset for fst#eg or use the whole attribute set. In turrs thay
worsen the accuracy of a forecast as far as foestributes the priory probabilities may be unuoiedi

or the number of statistical data may be insuffitieAlso, when the number of used attributes
increases, the computational error of the conditigmnobabilities defined by formula (4) also insesa.
Third, even the accuracy of forecast is quite hibis, unclear what attributes facilitate the irasang of
accuracy and what attributes don't influence omtitall. More detail description of the Bayesian
decision theory may be found in [2].

k') =

p(X;

Regression (method of least squares)
It is necessary to determine the dependency ofvadakd output F JR on input parameters

X, OR, ] Dl_m having the form
F=>af(x). (5)
=1

where &; LI R is unknown coefﬁcients,fj R - R are known maps. In addition, we have output

values F; of N experiments with inputsX; , where id04n, jOLmM. Let us introduce the

following denotations.

Y— column containing outputs with dimensidnx 1,

a — column of unknown coefficients from equa(y with dimensionmX1,

X — matrix with elementsf; (X; ) and dimensiomxm.
Thus, we may form the following system

Xa=Y, (6)

As a rule, this system is overdetermined, i.e.nilmmber of equations is much greater than the number
of unknowns. Further, we find the solution if teigstem using the Gauss method

XTXa=X"Y, @
minimizing the sum of squares of errors for systéf). We suppose that the systematical error of

measurement of the output value equals to zerdheltleterminant of matrix)(T X ) equals to zero
the active experiment is named poorly defined. antipular, the necessary condition of inequality

det(XT X)#0 is n=m. Thus, the coefficients in (5) found by methodeafst square (MLS) are
defined as

a=(X"X)"'xTy. (8)
We can adapt MLS to our problem associating eveogyct in K with a real number, for
example, 0,1,2,..,|K| —1, and determining the coefficients (5) by formu#. (Using the real-valued

map F(X),xUOT, we can construct the final solutiof; (X) taking values from the set

{O,],..,| K| -1} when X E . To do this, we must select some real val@esn intervals (K —1,K) ,
k Dm. Consider the family of functiong (X, 91,..,9“3‘) with parameterd,, 6, , .., ﬂ
$(%.6,,-.8,) =k = F(QO(6,,6,,,], x0T, 6, O(k-1k),k 01[P|.

Pl

Pl

Let us referee9,: as an optimal threshold if

‘xm UF (9 # %6016 -8 = rr;kin‘xD UF (9 # @%,6,1- 8r-6)
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Then, the desired solution of the problenfis(X) = ¢(X, &, ,..,61;‘ )| £

Every optimal threshoI(ﬂ: is determined independently from others.

The deficiency of the method described above isgusf the Euclidian metrics in sé€ . For
example, in the MLS-criterion product “1” differsofm product “3” much more from product “2”. In
addition, as in the case of the naive Bayesiansifiass it is unclear what attributes facilitateeth
increasing of accuracy and what attributes decriéasadon’t influence on it at all.

GMDH method

The group method of handling is applied for setettof investigated model with optimal structural
complexity given functional basis [3] and for diseang of regularities on the basis of small number
experimental data. The GMDH method allows to cleadentify the set of significant attribute
ultimately facilitating to increasing of the simtitm accuracy. For example, the complexity of a
polynomial is defined by the number of monomiahfravhich it is consisting of.

The experimental set is divided into two partsiniry and examining. Then, on the basis of
the training sample we adjust parameters of modtél fixed structure using some “internal” criterion
The examining part allows counting quantitative relsteristics of required attribute. This constitute
so called “external” criterion. The structure ofdebis considered as optimal given functional bisis
it minimizes external criterion. If several modaifmimize the criterion simultaneously than we prefe
the simplest one. For example, if it is necessargdtermine the polynomial dependency of output on
input attributes then the MLS-criterion may be uasdin internal criterion and the error of modehon
training sample may be used as an external cniteficxternal criteria and their appropriateness in
different situations are described in [4].

There is a number of GMDH algorithms allowing todfiout a model with optimal structure.
These algorithms were developed to solve diffeagiied problem. They are optimized with respect
to space and time resources needed for their ce@mpuaplementation [3-5]. Consider two algorithms
used to solve problem formulated in the paper.

Combinatorial multistage algorithm MULTI

Detailed description of this algorithm and its pedpes may be found in [6, 7]. The search of model
with optimal structure consists of several stagssthe first stage we construct all models which
depend on unique argument (attribute).

y = f.(%).i O1m.
Then, among these models we seléctmodels that minimize the external criteria. Argutse
Xi(hl),hDﬂ included in selected models we use to construaiatsoof the second stage. These
models depend on two arguments
y=f,(x®,%),h0Ll,i0Lm.
Among constructed model we again select “the blesmodels”. Now, the pairs of attributes
(Xiiz) , Xi(pz)), h Dﬂ, p Dﬂ used for construction of the best models of truse stage will create

the basis for models construction at the third est#g this stage we consider dependencies havimg th
form

y = f,(x?,x?,%),h 011, p011,i 0L m
and so on. Building-up of the stages continuesoupat moment when the external criterion computed
on the best model of the stage begins to decreBlse.maximal possible number of stages is equal to
the number of input parameters given to investigafor sufficiently largel this algorithm provides
exhaustive search of all models in the given badentification of dependency of output value given
linear basis with MLS as an internal criterion dhe error of model on the training sample as exern

ones is a representative example of applicaticdhisfmethod. In this case the partial descriptibthe
stages has the following form:

y=a, +ax,i0lm,
y=a, +a1xih,+a2xi,hDﬂ,i Dl._rn,
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y=a,taX tax +aX hOLl, pO4l,i OLm etc.

| terative multilayered GMDH algorithm
As before, this algorithm means the constructiosaesfes of models. At the first layer we constithet
models of the form

y=f(x,%),i0LmkOLm.
Then among these models we selkc¢tbest models”, i.e. the models minimizing the eme criteria

Y j 04,1 . Further we construct the second layer

z=f(y,,y, )i 0L1,kOL1
To avoid “the multilayered error”, at the secondl aubsequent layers we use as arguments “the best
models” of the previous layer and their attribufgks Building-up of the layers is stopped when the
external criterion computed on the best model eflélyer decreases. Functidh is called reference,

or partial description. Selection of this functictosely tied with determining of functional basis.
Examples of reference functions are the functiah wbvariance and the quadratic partial description

f(X, %) =3 +a X +a,X;, +a;%X,, 9)

f(X%,) = 85 + 8% +@,%, + 8%, X, +8,X +a:X].
These functions allow establishing dependence wiulsited parameter in the form of high-order
polynomial without a priori information about itdrgcture. The iterative multilayered GMDH
algorithm allows establishing complex dependenuagisg small number of experimental data because
every partial description depends on few parameters

The Bayesian risk as an internal criterion of GMDH

The Bayesian classifier differs advantageously ftbenMLS in that it does not use a distance between
products because this concept is an artificialamotin a finite set of selling goods. However, as

mentioned above, using of the Bayesian classiéquires very large number of experimental data to

determine a posteriori probabilitiggX = (X, Xz,..,xm)|k). When the number of dimensions of an
attribute vectorX increases, this number increases as a polynomiatibn. To solve this problem,
we may apply formula (4). But, in this case it ilear what attributes)(j , ] 02, m must be used for

classification, because groups of conditionally etefent attributes in combination with formula (4)
worsen forecast. Also, there are attributes notrigaa priori probabilities at all. Such attributesist

be excluded from the set of classifying ones. Wappse to optimize structure of the naive Bayesian
classifier, i.e. to select the set of attributes fwedicting with the help of the GMDH algorithm
MULTI. In this case the Bayesian risk (1) is ussdaa internal criterion and the number of erroneous
outcomes in training samples is used as exterrisdrion. There is an alternative approach to
accounting large numbers of attributes when contjpma of a priori probabilities

p(x = (Xl,XZ,..,Xm)|k) is impossible due to lack of experimental datais Epproach is based on
the iterative multilayered GMDH algorithm with theference function

f(x,%,) =argmin )" p(x,, X,, KIW(k k")

k' OK  kOK
In our case this function has the form
f (x,,%,) =argmaxp(x,, xz‘k*) : (10)
K'OK

Thus, every partial description in the next laysesioutputs of the previous layer as input parasiete
The final solution is expressed as a net.

More detail description of this approach includthgorem on convergence to solution corresponding
to the minimal Bayesian risk together with pradteEeamples of its application may be found in [8].

2.3 Results
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To solve practical problem stated in the paper weduthe following algorithms: the Bayesian
classifier, the GMDH algorithm MULTI with a lineaeference function, and the iterative multilayered
GMDH algorithm with a linear, covariance (9), aha@ Bayesian (10) reference functions. Also, for the
first time we used optimization of the structuretlod Bayesian classifier with the help of the GMDH
algorithm MULTI. All algorithms mentioned above wetested on three samples of buyers with
different number of selling products. Sample | eimd the attributes of Internet-clients who purelas

one of two goodd antivirus systemdoct} , sample Il contains the attributes of buyers who

purchased three goodgantivirus,systemdoctr,driveclearer}, and sample lll contains the
attributes of buyers who purchased four goods
{antivirus, systemdoatr,driveclearer,errorsaf@ . The experimental sets for every product

consist of attributes of 200 buyers and the examgipiarts consist of attributes of 100 buyers. largv
test every buyer has 1281 attributes. Next, we slbomparative tables of accuracy reached in
recognition of the buyer preferences in every expent.

Tab.2. Results

Number of , Accuracy,
products Algorithm % Y
the Bayesian classifier 72
the GMDH algorithm MULT]I with a linear reference 85

function
the iterative multilayered GMDH algorithm with a 82
linear reference function
the iterative multilayered GMDH algorithm with a 83
covariance reference function
the iterative multilayered GMDH algorithm with a 83
Bayesian reference function
Bayesian classifier optimized by GMDH MULTI 86
the Bayesian classifier 66

the GMDH algorithm MULT]I with a linear reference 66
function
the iterative multilayered GMDH algorithm with a 64
linear reference function
the iterative multilayered GMDH algorithm with a 66
covariance reference function
the iterative multilayered GMDH algorithm with a 78
Bayesian reference function
Bayesian classifier optimized by GMDH MULTI 76
the Bayesian classifier 45

the GMDH algorithm MULTI with a linear reference 43
function
the iterative multilayered GMDH algorithm with a 42
linear reference function
the iterative multilayered GMDH algorithm with a 44
covariance reference function
the iterative multilayered GMDH algorithm with a 52
Bayesian reference function
Bayesian classifier optimized by GMDH MULTI 54

Sample

1] 4

3 Conclusion

The purpose of the paper is to develop the algaorifor solving the problem of classification of
Internet-clients in accordance with preferred goagigen statistical data about their personal
computers. As possible approaches to solution wesiigated the following algorithms: the Bayesian
classifier, the GMDH algorithm MULTI with a lineaeference function, the iterative multilayered
GMDH algorithm with a linear, covariance (9) and: tBayesian (10) reference functions. Every
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algorithm must satisfy the following requirementaking into account specific character of the
problem, which is expressed in impossibility of g@arison among products and, as a result,
incorrectness of introducing of the Euclidian netriand necessity to point out few “strong” atttésu
providing high accuracy of classification.

The novelty of the paper consists in developing riba algorithm of optimization of the
Bayesian classifier with the help of the GMDH algon MULTI, which essentially differs from the
Bayesian classifier in that it allows to find oet “strong”, statistically stable attributes amdarge
set of properties characterizing object and thuadmease the accuracy of classification.

The results of experiment on forecasting buyerfepemces of Internet-clients confirm
appropriateness and advantages of the Bayesiasialetheory over regression methods. The more
number of goods laying in the basis of classifmatithis advantage is more obvious. This is explin
by the fact that regression methods use the Eadlidietrics introduced in the set of go#ds For
example, in the MLS-criterion product “1” differofn product “3” more than from product “2".

Optimization of the Bayesian classifier with thdphef the GMDH algorithm MULTI allows
both to raise accuracy of recognition by 9-14% tanidlentify attributes influencing on preferencés o
buyers. If exclude any attribute from the modelirked by the algorithm MULTI then accuracy of
forecasting decreases. This confirms that the salgoMULTI select only “useful” attributes.

On the whole, the optimized Bayesian classifiarisalternative to using the iterative GMDH
algorithm with the Bayesian reference function taken decision concerning classifying an object with
large set of attributes.
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