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BUILDING OF SALES PROMOTION RATING

The purpose of this paper is to study the task of building rated goods and services based on
feedback from customers with subsequent clustering and to identify hidden links between different
groups of customers. Our research lies outside the existing methods and is based primarily on feed-
back between consumers of goods and services and producers.

The development of online advertising makes it necessary to build a rating of goods and ser-
vices based on customer feedback. The need to deliver the customer to the sector of goods and services
that interest him, leads to the task of identifying hidden links between goods and services, which is
chosen by a particular group of customers.
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Memor 0ano2o 00CHiOHCeH s € BUBYEHHS 3A80AHHS N0OYO0B8U PEUMUH208UX MOBAPIE8 MA NOC-
JIye Ha OCHOBI 8i02YKi6 8I0 KIIEHMIB 3 NOOWILULON KIACEPU3AYie€t0 Ma 6UEIEeHHS NPUXOBAHUX 36 3Ki8
Midic pisnumu epynamu kiienmie. Hawi docnidoicenns aedxcamv 0Cmopous iCHYIOUUX Memoois i 3aCHO-
6aHI Hacamnepeo Ha 360POMHOMY 36'A3KY MIJC CROICUBAYUAMU MOBAPIE A NOCTY2 MA SUPOOHUKAMU.

Poszsumox inmepnem-pexiamu Hadysae neobXiOHocmi noOY00suU pelimuney moeapie ma noc-
JIye Ha OCHOI 6i02yKi8 6i0 Knienwmis. Heobxionicms docmagxku Kii€ewma 6 mou ceKxmop moeapie ma
nocnye, AKuil Uomy yikagui, npu3eo0ums 00 3a80aHHS GUAGIEHHS NPUXOBAHUX 363K Midic mosapamu
ma nocayeamu, SKuil 00UpaemvCsi MIEK Yu THULOK 2PYNoK KIIEHMIS.

Knrouoei cnoea: petimune, inmepuem-pexnama, Kiacmepuzayis.

Problem’s Formulation

The purpose of this paper is to study the problem of constructing a rating of goods and servic-
es based on reviews from customers, followed by clustering and identifying hidden connections be-
tween different groups of customers. Methods for researching the effectiveness of advertising based on
the behavioral function of clients have been carried out for a long time. Traditionally, they are divided
into methods of collaboration filtering and methods of content analysis. These methods are briefly re-
viewed in [1].

Our research is outside the existing methods and is based primarily on feedback between con-
sumers of goods and services and manufacturers.

The coronavirus pandemic has led to a significant change in the relationship between custom-
ers (consumers of services and goods) and, accordingly, their manufacturers.

In these conditions, Internet advertising is gaining a great role. Restricting the movement of
people leads to the fact that the role of the Internet is increasing, both in terms of information and
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commutative connections, and in terms of the sale of goods and services. The development of online
advertising is acquiring the need to build a rating of goods and services based on customer reviews.
Customer opinion has become more decisive than ever. The need to deliver a client to the sector of
goods and services that is of interest to him leads to the task of revealing the hidden links between
goods and services, chosen by a particular group of clients.

Formulation of the study purpose

The research data is based on the method of statistical analysis. First of all, we point out that
the following predicating states.

Theorem (the binomial distribution). Let us assume that p is an A event rate. Thereafter the
probability, that from » independent trials there will be equally & favorable results, is equal to

Pk =Gy p* (1= p)"F,
that is Bernoulli distribution.

The binomial distribution is one of the most frequently encountered discontinuous distribu-
tions that are used as a chance model of many phenomena. It occurs in case when we need to know
how many times some event happens from present amongst of independent observations (trials) that
are carried out in the same conditions.

Let us consider any mass production. Even in its normal operation, sometimes the products
which do not conform to the standard, i.e. defective, are made. Denote the deal of the defective prod-
ucts with p, 0< p <1. It is impossible to tell preliminarily (before its production) what product exact-

ly will be found unqualified. The following symbolic model is usually used to describe such a situa-
tion:

1) each product with a probability of p can be found defective (with a probability g =1— p it
conforms to the standard); this probability is the same for all the products;

2) defective as well as normal products appear independently of one another. This means that
in normal manufacture process the appearance of unqualified product does not influence the possibili-
ty of the defective product appearance in future. The violation of this rule means the malfunctioning of
the processing method.

The consecutive order of the independent trials, where the result of each can be one of two
outcomes (for example, success or failure) and the probability of the «success» (or «failure») in each
trial is the same, is called the Bernoulli test pattern. As a consequence, we can restate mentioned above
as: in normal conditions the technological process of production mathematically is presented by the
Bernoulli test pattern.

Subsequently we need /3 -distribution

g(p)zm

The [ -distribution represents the probability distribution of probabilities, that is to say, as in

1
P a-pfl Ba,p)=[p*a-p)ap.
0

this case the probability is shaped, and then the range of definition represents the interval [0, 1]. It is
not hard to see the resemblance of the /3 -distribution and the Bernoulli distribution, but the difference
between them is that the Bernoulli distribution shapes the event quantity & and the /3 -distribution
shapes the probability p . By this means in the binomial distribution the probability is a parameter, but
in the [ -distribution is an accidental variable.

In the binomial distribution indexes of power align with the number of favorable and unsuc-
cessful results, for that reason it is naturally to consider that for the [ -distribution  —1 coheres the
number of favorable results and £ —1 the number of unsuccessful ones, same as k and n—k in the

binomial distribution.
Let us assume after watching the advertisement we have the following statistical law of the
advertising account site attendance
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1 300 200
B(300,200) = ——— 1- ,
( ) B(300,200) " a=p)

it means @ —1=300, 5—-1=200.

Let us find the minimal fiducial advertisement characteristic, number X , that shows the mi-
nimal appraisal which the advertisement can receive after theO infinite number of broadcastings. We
will consider 90 % as a level of confidence. This means that we want to be 90 % confident that the
advertisement will work not worse than X , so

1
e () Ly
J{ B(a.p)’ (1=r)

Diagrammatically it means that 90 % of space under the diagram has to be to the right of X
(fig. 1).
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Fig. 1

In our case X = 0.571847. So, with accuracy to 90 % we get that 0.571847 of all who saw the
advertisement would go to the advertising account site.

Let us consider the following matter — some amount of people saw the previous advertisement
and some part of them reacted on it somehow, someone went to the advertising account site and some-
one ignored it. It is required to make a forecast of the effectiveness of the next advertising action. Binary
data 0 is the advertisement is ignored, 1 is the advertisement led to an advertising account site visiting.

The Bayesian approach consists of the following steps:

1. The prior probability. We choose the probability density to make a model of reference
prior distribution P(€) . It is the best supposal of the parameters before we get the data X.

2. We choose the probability density forP(X | 9) , which means we make a model of the X
behavior with an aimed parameter 6.

3. The posterior probability. We find the posteriori distribution P(H | X) and choose 6 with
the highest P(@ | X) .

Presenting main material
As a result, the posteriori distribution becomes a new prior distribution. We should repeat the
third step each time we get new data. Now in more detail, do step-by-step.
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Step 1.The prior probability P(0) .

The goal is to choose the probability density to make a model of & parameter. The & parame-
ter shows the probability of the advertisement success. For this purpose we use the / -distribution. In
our case & is the number of successful outcomes and £ is the number of people who did not react on

the advertisement (the number of failure).
Let us assume that from 100 people who saw the advertisement, 20 went to the advertising ac-
count site (fig. 2).

10+

Fig. 2

As we see, moral expectation x = E(X)=0,2 of the total number, that means we get not in-
considerable prior probability.

Step 2. The probability function P(X | 9)

We choose the probability model for P(X | G)is the probability of watching the data X is
aimed by the 6 parameter. The probability function is also called the sampling distribution.

n

X = {Xi }i=1

the distribution density of the probability is equal to
f(x,0)=0" (1-6)"%, x=0,1.
In this case the likelihood function is represented as

10,x)=6°(1-6)"", 0e(0,1),

is a binary set of lattice points [0,0,1,0,1,...,1,0,0,1,1]. For this random variable

n . . . . . .
where s = Z,‘:]xi is the total number of successful results in # trials, fortuitous of the variable s is

conversely the realization of the random variable which is distributed along the binomial law.
Then
d
—I(0,x)=
2-1(6:%)

s n—s _s—nd

0 1-6 6(1-6)

. . . ~ S . . .
and the maximum is attained when @ =—, which equals to a fraction of successful outcomes in the
n

set of n trials.
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Then if in the experiment, which is observed, of 55 people who saw the advertisement only 5
reacted on it, we get (fig.3).

X
Fig. 3

Step 3. The posterior probability P(@ | X)

Our starting supposal about the parameters was P(6) . Once available the new data, we modify
P(6) into something more informational namely P (9 | X) , relying not only on P(€), but also on the
present-day data namelyP(X | 9), for this purpose, in accordance with the Bayesian formula, we
count P(6) and P(X | 9) for the prescribed value € and multiply them. If we make it with each
possible 8, we can choose the highest P(6)- P(X | 9) among the various & (fig. 4).
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X

Fig. 4

Please note that in this case the probability shifted to prior. The probability of success in the
prior distribution was 20 % and for the aimed data was 9 %. The peak of the posterior probability is
approximately 16 %. Besides, the width of the "bell" in the prior probability and the probability func-
tion declined in the posterior probability. The spectral band of admissible parameters became narrow-
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er, because we use more information in the selection process. The more data we have, the more the
posterior probability graph will look like the probability function graph, but not like the prior probabil-
ity one. In other words, the more information we have, the less the primary prior distribution means.

We show that if we use the [ -distribution as a prior distribution then the posterior distribu-
tion of the binomial likelihood is also the /3 -distribution.

Let us assume that

6 is success probability,

x 1is number of the successful outcomes,

n is total number of trials, it means that (7 — x) the number of failures.

We write down the Bayesian formula

PO x) = LOIPO) ngx(l_g)n_xB(oi,ﬂ)'ga_l(l_e)ﬁ‘l
CE; [P@61x)P©O)d0 icn&x(l_g)n_x IRV
0 ' B(a, B)
igx+a—1 (1 _H)n—x—i—ﬁ—]
- Bia,ﬂl) =B(x+a,n—x+p).
B(?mj gl (1-0y" ™ g
770

The prior distribution P(€) coheres withB(a, p ) After getting x successful outcomes and
n—x failures in experiments, the posterior distribution also becomes the f -distribution with
(x +a,n—x+ ,6’) parameters.

As the result, the [ -distribution is the conjugate prior distribution of the binomial distribu-
tion. What does it mean? We already know at the stage of modeling that the posterior distribution will
also be the f -distribution. Consequently, after the bigger amount of trials we can count the posterior
probability by simple supplementing of number of successes and failures and current parameters
a, [, respectively, instead of multiplying the probability function and prior distribution.

Our next purpose is the clustering of the distribution function. Let us consider the following
matter. Let us assume that there are multitude distribution functions I = { gi( p)} ,DE [0,1] , Where

i=0,1,...,n the multitude of advertisements that where broadcasted earlier. For the advertisement
(trial) g; ( p) we need to forecast the result of the advertisement (trial). It is as if the result is directly
relating to the type of the distribution function, this means that we need to cluster the multitude I" from
the clause of distribution functions resembling, find the cluster that is the most suitable for g; ( p) and

link the center of this cluster with the forecast of the advertisement.
In case if (fig. 5).

1
gi(p)= eXp| ="
: o2 201-2
all the results are described with normal distribution, then we can put a point ( M, Gi) respectively to

each function g;(p) and make a clustering according to the multitude of points that where got.

If we have the [ -distribution, at first view, we can put a point (a, p ) respectively to each

function and the less the distribution functions will differ, the closer respective points will be.
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That is good, but incorrect, for example, B(1,101)it looks as following (fig. 6) and
B(2,101) (fig. 7).
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The points (1,101) and (2,101) differ slightly, but the distribution functions look absolutely
different.
Although, if @ and [ are large enough and do not differ a lot, then this / -distribution can be

approximated with normal distribution with

a af
a+p (a+pB) (a+p+1)
As in this example (fig.8) a =100, f =500 (the graph of the /[ -distribution is red), then
1 =0,16(6); 0 =0,01520185255 (the graph of the Gaussian function is green).

15

LI 0.12 0.14 0.16 0.18 02 0.2 0.

X

Fig. 8

But then again generally it is incorrect.
In this example (fig. 9) a=2,8=500 (the graph of the / -distribution is red) then
1 =0,0039840637450; o =0.002808744857 (the graph of the Gaussian function is green).
140
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Fig. 9
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Let us consider the alternate approach to clustering of the integrated functions { f,(x)}l]\io (in
particular, the distribution functions), that are reassigned on the same interval, let it be [0,1].
Let us take the L; distance as a difference between two functions f;(x) and f (%)

1

6‘1" Jj = .[

0

Here we get the matrix of functions differences (tabl. 1)

Si(0)= £7(x)dx

Table 1
Jox) | A | fHax) SN ()
fo(x) 0 £0,1 £0,2 £0,N
fi(x) £1,0 0 €12 ELN
fHx) | e £ 0 EN
SN | eno ENI EN2 0
and put
0 6‘0’1 6‘0’2 EO,N
6‘1’0 0 6‘1’2 6‘1’N
&= 6‘2’0 6‘2’1 0 6‘2’N
gN,O gN,l é‘N’z 0

We use the method of metric scaling to the received data. For this purpose at first we get twice
aligned matrix, so we bring to the form which has a mean observation of the numbers in any line and
column equal to zero. Twice aligned matrix is uniquely calculated from the original.

At first we build an intermediary matrix ordered (N +1)x (N +1):

I 0 O 0 I 1 1 .. 1
. 0 1 0 0 . I 1 1 .. 1
=/- =10 0 1 .. 0 |- I 1 1 1
N+1 N+1
0 0 0 .. 1 I 1 1 .. 1
We mark the matrix from the squares of given data with P
2 2 2
0 6‘0’1 6‘0’2 EO,N
2 2 2
6‘1’0 0 6‘1’2 gl,N
= 2 2 2
P &0 € 0 &N
2 2 2
ENOT EN,IT ENp2 0
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Then matrix

B:_lJ.P.J
2

will be twice aligned. Here we get eigenvalues Ay > 4 >...> Ay and eigenvectors ¢, ey,...,ey .
We choose k << N the highest eigenvalues Ay >4 >...> 4;_; and respective eigenvectors

€05€15--5€f 1 -
Then the projection of data on k principal components will be equal to

Jo 0 .. 0

EX\/X=(€0 e .. ek_l)x 0 \/Il 0
0 0 .. JA&L
this means that the dot in A-dimensional space will be aligned with each function f;(x) (with k=2
is a subspace). Using the traditional methods of clustering to the multitude of dots that were gained we
get the solution of required matter.
Conclusions

On the basis of the offered algorithm of the Internet advertisement quality estimation, we
made a program realization which showed us the effectiveness of the constructed method. The follow-
ing facts were also established:

1) Direct use of the S-distribution to analyze the effectiveness of advertising is not always jus-
tified. In extreme cases, it leads to distortion of the results of the effectiveness of advertising.

2) The task of clustering research results based on approximating the f-distribution by a nor-
mal distribution is effective in the case of good customer reviews and ineffective in the presence of a
large number of negative reviews, which makes this approach incorrect. Producers of goods and ser-
vices are receiving incorrect information.

3) The use of clustering based on the S-distribution, given on the same interval, allows us to

get around this problem. The use of the metric scaling method allows for effective clustering of online
advertising based on customer feedback.
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MNOBYJOBA PEUTUHIY PEKJIAMHUX AKIINA
|1HyMei71R0 0.0.|, Jaumunk O.M.

Pegepar

Meto10 JaHOT0 JOCHIHKEHHS € BABUCHHSI 3aBJIaHHS 1I00Y/I0BH PEHTHHIa TOBAPiB Ta TOCIYT Ha
OCHOBI BIAT'YKIB BiJl KJII€HTIB 3 MOJAJIBIIO0 KIACTEPU3ALIEIO Ta BUSBICHHS MMPUXOBAHUX 3B'SI3KIB MIXK
pi3HUMHM TpynamMH KIIi€HTiB. Meronu nociikeHHs! eEeKTUBHOCTI peK/iaMH, L0 IPYHTYIOThCS Ha IO-
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BEIIHKOBIHM ()yHKIIIT KITIEHTIB, MPOBOIMIIKCS IOCUTh JABHO. TpajuIliiiHO, BOHH TOAUISIOTHCS HA METO-
T KollaboparriifHoi (iabTpallii Ta METOM KOHTEHTHOTO aHami3y. Hammi mochimKeHHs JeXaTh OCTO-
POHB ICHYIOUHX METOJIB 1 3aCHOBaHI HacaMIiepes Ha 3BOPOTHOMY 3B'S3KY MK CIIO)KMBadaMH TOBapiB
Ta MOCIYT Ta BUPOOHUKAMHU.

[lannemist KOpoHaBipyCy MpHU3Bela 10 CYTTEBOI 3MIHM BiIHOCHH MDK KJIiI€HTaMH (CIOKMBaya-
MH TOCIYT' Ta TOBapiB) Ta, BIANOBIAHO, iX BUPOOHMKAMH. Y IMX YMOBax BEJIHMKY pOJib HaOyBarOTh
iHTepHeT-pexiamMa. OOMEKEHHS NepeMillleHHsS JIOAeH NPU3BOAUTH JIO TOro, IO 3POCTaE pPoib
IHTEpHEeTY, K 3 MOrysiLy iH(pOpPMaIiiHHO-KOMYTaTUBHUX 3B'A3KIB, 1 3 MOTJISAY MPOAAXKY TOBAapiB Ta MOC-
ayr. Po3BuTOK iHTEpHET-pekiIaMu HaOyBae HEOOXiTHOCTI MOOyI0BH PEUTHHIY TOBapiB Ta MOCIYr Ha
OCHOBI BIAITyKIB BiJl KIIi€HTIB. JlyMKa KJTI€HTIB CTalia, SIK HIKOJIM, BU3HA4YaIbHOI. HeoOXigHIiCcTh mocTa-
BKH KJIIEHTa B TOM CEKTOpP TOBApiB Ta MOCIYT, SIKMH HOMY LIKaBUil, PU3BOIUTD 10 3aBJAHHS BHUSBIICH-
HS1 IPUXOBaHMX 3B'A3KIB MDK TOBapaMH Ta MOCIYraMH, SIKHH OOUPAETHCS TI€I0 UM 1HILOKO TPYIIOI0 KITi€-
HTIB.

Bynu BcranoBneHi HacTyIHI aKTH:

1. [IpsiMe BUKOpUCTaHHS [-pO3NOALTY Ul aHAI3y e(EKTUBHOCTI pPEKIaMu HE 3aBXKIU € BU-
npaBaaHuM. Y KpailHiX BUIaJKax BOHA MPU3BOAMTH 0 BUKPHUBIICHHS PE3yJIbTaTiB ¢()eKTUBHOCTI peK-
JIaMH.

2. 3aBraHHs KJjacTepu3alil pe3ysbTaTiB IOCHI[DKCHHS, 3aCHOBAaHMX Ha arpoKcumauii f-
PO3IIOITY HOPMAJIBHUM PO3MOIUIOM, epeKTUBHE y pa3i XOPOILINX BiATYKiB KII€HTIB 1 Hee)eKTUBHE 3a
HAasIBHOCTI BEJIMKOI KUTHKOCTI HETATUBHUX BIJT'YKIB, M0 POOUTH I€H IMiIXi/1 HEKOpEeKTHUM. BupoOHuKH
TOBApiB Ta MOCIYT OTPUMYIOTh HENPABUIIbHY 1H(OPMALIIO.

3. Bukopucranss kinacrepusalii Ha 0CHOBI (PYHKLIT f-po3noiny, 3alaHuX HA TOMY CAMOMY ITPOMIXK-
Ky, J03BOJIsIE OOIHTH 1110 TIpodIieMy. 3aCTOCYBaHHS METOLy METPHUHOIO IIKAJIIOBaHHS J03BOJISIE MIPO-
BeCTU eeKTHBHY KJIACTEPU3aLil0 IHTEPHET-PEKJIaMH Ha OCHOBI BIII'YKiB KJII€HTIB.



