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RECOMMENDER MODEL FOR DATA PREDICTION
BASED ON FUZZY LOGIC AND THE COLLABORATIVE
FILTERING METHOD

Abstract. The article proposes a model for data in recommendation in recommender systems, which is based
on the implementation of fuzzy logic in the collaborative filtering method to improve the quality of personalized
recommendations. Particular attention is paid to the problems of data sparsity, uncertainty of user ratings, and
the subjectivitye of interpretation of criteria, which traditionally complicates the work of classical recommendation
algorithms. The study substantiates the feasibility of using personalized triangular membership functions, which allow
for the reflectingon of the personal preferences and evaluation characteristics of each user. A formalized procedure
for constructing and dynamically updating the parameters of such functions for all evaluation criteria is proposed.

The Mamdani method was used to calculate the degree of similarity between users, which takes into account
the fuzziness of ratings and allows logical conclusions to be drawn based on a system of rules. This approach
makes it possible to determine the level (degree) of similarity between users, taking into account multidimensional
criteria and their qualitative interpretation. In addition, the procedure for defuzzifying the obtained fuzzy similarity
values and integrating them into the rating prediction process was demonstrated.

To evaluate the effectiveness of the developed model, a model experiment was conducted on an artificially
generated dataset with a controlled structure and a given level of sparsity. Metrics based on mean square error
(MSE), root mean square error (RMSE), and sum of squares error (SSE) were used to compare the proposed
approach with the results of basic collaborative filtering. The results demonstrate the potential of the modified
model to reduce prediction error in conditions of incomplete and fuzzy data, as well as to improve the adaptability
of recommendations by taking into account individual evaluation models. The proposed approach can be used as

a basis for building more robust, flexible, and interpretable next-generation recommendation systems.

Keywords: fuzzy logic, Mamdani method, collaborative filtering, data sparsity, uncertainty, fuzzy numbers.

INTRODUCTION

Recommendation generation in modern
recommender systems is based on various ap-
proaches, each of which involves the analysis of
large volumes of information. Traditional methods
are typically focused on precise numerical values,
which does not always reflect real-world condi-
tions, where user ratings and item properties are
often vague, partially defined, or incomplete. To
make well-founded decisions under such condi-
tions, it is advisable to apply approaches based
on fuzzy logic.

The introduction of fuzzy logic into recom-
mendation systems makes it possible to formally
process uncertainty and inaccuracy in both the
input data and the inference rules, to build logi-
cally consistent conclusions, and to organize and
structure the relationships between factors and
recommendations, taking into account the limita-
tions and specifics of the available information. In
particular, the use of fuzzy models makes it pos-
sible to assess the degree of similarity between
users based on fuzzy criteria of their preferences
or behavior patterns rather than on rigid ones.

PROBLEM STATEMENT

The traditional task of forming recommen-
dation ratings in any problem area involves the
presence of objects to be evaluated and subjects
performing such evaluation. Let us consider the
procedure for forming a predictive user rating for
a given object based on its history of interactions
with other objects, as well as historical ratings from
other users. For this purpose, a collaborative filter-
ing methodology modified through the incorpora-
tion of fuzzy logic methods is employed.

We will assume that each object to be evalu-
ated is characterized by a set of parameters that
can be grouped as follows:

1) ratings — numerical values within a prede-
fined range (e.g., 1-5 or 0—1) assigned by users.
The interpretation of these ratings is subjective: the
same numerical value may have different meanings
for different users;

2) criterion-related information — information
about specific evaluation criteria of an item (such
as the genre of a movie or book, or the type of
product) that influence users’ perception of the
item;
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3) individual user characteristics — personal
differences in evaluation behavior and preferences,
which may vary depending on the evaluation criterion.

Under these conditions, the task is to develop
an approach that enables:

e a more accurate approximation of user ratings
compared to classical collaborative filtering
methods;

¢ the incorporation of individualized membership
functions for different users and evaluation
criteria, allowing the system to adapt to
subjective preferences;

¢ the application of fuzzy logic algorithms and
methods to assess the degree of similarity
between users, which helps reduce data
uncertainty and provides a more flexible
representation of their preferences.

ANALYSIS OF RECENT RESEARCH

Systems based on fuzzy logical inference are
widely used in control systems, knowledge repre-
sentation, decision support, structural and para-
metric identification, pattern recognition, and op-
timization. Fuzzy logic has found broad application
in consumer electronics, diagnostics, and various
expert systems. In particular, fuzzy expert decision
support systems are actively implemented in the
military sector, medicine, and economics. They
are used for business forecasting, risk assess-
ment, and evaluating the profitability of investment
projects. Fuzzy logic tools are also applied to the
analysis of global political decisions and the mod-
eling of crisis situations.

Thus, the problem of developing decision sup-
port systems using fuzzy logic has been analyzed
in a number of scientific works [1-8]. Studies
devoted to the development and improvement of
recommender systems using fuzzy logic, depend-
ing on their application domain, are presented in
[9-15]. The effectiveness of collaborative filtering
methods modified by the use of fuzzy logic has
been analyzed and demonstrated in [16-18].

Purpose. The purpose of this study is to deve-
lop and justify an approach aimed at improving the
quality of personalized recommendations in col-
laborative filtering under conditions of data spar-
sity, as well as in the presence of uncertainty and
subjectivity in user ratings, through the integrated
application of fuzzy logic methods. In particular, the
work focuses on the use of personalized member-
ship functions and the application of fuzzy logic to
take into account users' personal preferences and
improve the accuracy of rating prediction.

RESULTS AND DISCUSSION

Fuzzy logic is a mathematical tool used to ana-
lyze and model situations involving uncertainty,

imprecision, or ambiguity, through a system of
fuzzy rules and inferences. It is based on the theory
of fuzzy sets and fuzzy relations proposed by Lotfi
Zadeh in 1965, which allows working with inter-
mediate values between “true” and “false” and
introduces formalized measures of membership
(correspondence) of available data to certain con-
cepts or events. Let us formulate some concepts
of fuzzy set theory.

Definition 1. A fuzzy set A of a universal set X
is defined as a set of pairs 4 ={(u; (x),x)}, where
uz(x):X = [0,1] is a mapping of the set X onto the
unit interval [0, 1], called the membership function
of the fuzzy set.

The value of the membership function #;(x)
for an element x € X determines the degree of its
membership in the fuzzy set. The interpretation of
the membership degree 1;(x) is a subjective meas-
ure of how well the element x€ X corresponds to
the concept whose meaning is formalized by the
fuzzy set 4 .

The processing of fuzzy quantities is associ-
ated with the construction and application of binary
relations. Most commonly, the concept of a fuzzy
binary relation from a universal set Xintoa set Yis
used. Thus, a fuzzy binary relation is understood
as a fuzzy set R defined on the Cartesian product
X x Ywith a membership function z; : X xY — [0, 1].

Let us consider the set of real numbers X as
the universal set, that is, X + R

Definition 2. A fuzzy triangular number A is
defined as an ordered triple of numbers (a, b, c),
a< b<c with a given membership function 1z (x):

X X

—a c—
b_a,xe [a,b]; ,ug(x)zﬁ,xe [b,c];

ﬂg(x) =
(1)
Uy (x)=0,x¢ [a,c] .

The use of fuzzy numbers and fuzzy relations
in conditions of situational or informational uncer-
tainty makes it possible to construct fuzzy infer-
ence schemes, within which logical conclusions
are formed based on a system of fuzzy rules and
operations on fuzzy values in order to obtain target
(output) values,. and Moreover the combination of
fuzzy logic tools with basic collaborative filtering
methods contributes to the formation of more ac-
curate and transparent personalized recommen-
dations, especially in conditions of incomplete or
fragmentary data with a high level of inaccuracy
(uncertainty). This approach creates additional op-
portunities for improving the quality of recommen-
dation systems and increase their effectiveness.

Taking into account the positive impact of fuzzy
logic on the recommendation generation process,
it is proposed to apply the Mamdani method [19]
to compute the degree of similarity between
users, which makes it possible to account for the
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fuzziness of ratings and to ensure well-grounded
rating prediction.

Suppose there is a set of users U =
= {u1, Uy, ..., um}, asetofitems I = {iy, iz, ..., in}, €ach
of which can be rated by a value r € N (according
to a certain numerical scale), and a set of criteria
K = {ky,k;, ..., ks}. Each criterion describes proper-
ties of the items in the set I, for example, “acting
performance”, “plot”, and so on.

The rating matrix R of size m x n, is given, where
each element ry; represents the rating assigned by
user u to item i. A three-dimensional matrix RK of
size m x n x kis also given, where each element ¥,
describes the rating assigned by user u to criterion
k when evaluating item i.

Let us describe the stages of constructing per-
sonalized triangular membership functions. We will
define a set of linguistic terms A = {4, 4,, ..., 4;}
used to describe subjective evaluations of ele-
ments % given by users. Each of the terms cor-
responds to a certain range of quality levels, for
example: A, — “very bad”, A, — “bad”, A; — “neu-
tral”, A,— “good”, A: — “very good”, etc. Next, for
each user u, itemi € I, and criterion k € K perso-
nalized membership functions of triangular shape
are introduced based on the terms we A4:

k w)
O'rui < aku 4
MG W) ko W)
0 _g0n Yew” < Tui < Dpey”s
ku ku
W) .k W) __ .k 2
ti () = 4 i "Tui o, (w) k_ w  (2)
e ™ M P < Tui < Ciy's
Cku bku

k w)
O'rui = Cru

1,7'1,:,: = bl?‘ldl,)

where Ry, is the set of user u’s ratings of

objects from set I according to criterion

kkeK, a,%) = rrggn r is the lowest rating that user
uk

u gave to any of the objects according to criterion
keK,c = max r the highest rating given by
TERyk

user u to any of the objects according to criterion
k k € Kand b™ = median(Ryy) is the median ra-
ting of user u for all objects according to criterion
keK.

As a result, we obtain sets of fuzzy triangular
numbers in the form of triples (a,(('z), b%), c,ﬁjj)). The

construction of the initial values (a”, b, c) for

the membership functions is carried out according
to the following sequence of steps:
1. Determine the number of evaluation criteria.
2. Set the upper and lower bounds of the ra-
ting scale for each criterion.
3. ldentify the set of items evaluated by the
corresponding user.

4. For each criterion and each user, find the
minimum and maximum values of the ratings
assigned by that user.

5. The obtained rating scale is divided into
¢ =t - 1 overlapping intervals (where tis
the number of linguistic terms), as shown
in Figure 1.

After this, the parameters for representing
fuzzy numbers are defined according to the fol-
lowing procedure:

o={r,n,..1}
r =mino,r = maxo,
by =r+k*hh= 2_;1
ax = by —h,c, = by +h,
ay=r,cps =7, k=1,c.

=

(3)

The need to introduce personalized fuzzy
membership functions is explained by the fact that
different users interpret the significance of item
criteria differently, based on their own subjective
perceptions. For example, when watching movies,
the same film might be rated highly by one user
due to the appeal of its genre, despite a mediocre
plot or acting, whereas another user might give a
low rating solely because the genre is not to their
taste.

Since users’ preferences change over time, it
is proposed to update the corresponding triples

(a2, b,?{f), ¢ each time a new rating from user u

is received. This allows the system to dynamically
adapt to the user’s interests, thereby providing
more accurate personalized recommendations.

The update of these triples is performed ac-
cording to the following scheme:

w)new _ . (w) old
gy, = min (a,, Tui)

CIE‘:;) new _ ox (CIE‘:L,) Old'rui) “
b = ary + (1 - )b a € [0,1].

The value b* ™" is calculated as a smoothed
intermediate value, which helps to avoid abrupt
changes in the membership function. Exponen-
tial smoothing is used for this purpose, providing
gradual updating of the parameter and reducing
its sensitivity to individual anomalous ratings as-
signed by users.

Next, the Mamdani method will be applied
to compute fuzzy similarity between users and
to identify those whose interests are most alike,
even before including them in the recommendation
generation process.

We define a set of output fuzzy terms S =
= {81,582, ...,54}, to describe the level of similar-
ity between users, where each term represents a
similarity level. For example, for (g = 5):
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S1— “very low similarity”,

S, — “low similarity”,

S; — “medium similarity”,

S,— “high similarity”,

S — “very high similarity”.

Considering the fuzzy nature of the terms S,
triangular membership functions are defined for
each of them, similarly to (2), which determine the
corresponding fuzzy sets:

is a conventional notation indicating the degree

of membership of a fuzzy similarity assessment

to the corresponding linguistic term. For example:

¢ if the rating of user u for object i under criterion

k is “Very good” AND the rating of user v for

object i under criterion k is “Good”, THEN their
similarity is “High”;

¢ if the rating of user u for object i under criterion

k is “Neutral” AND the rating of user v for

object i under criterion k is “Poor”, THEN their

a7 O similarity is “Medium”;
b _a” ,ap < Sy < by, ¢ if the rating of user u for object i under criterion
< (Sup) = cpp Suw (5) k is “Very good” AND the rating of user v for
HspWSuw) = V25 " by < Suy < &) object i under criterion k is “Poor”, THEN their
0,Suy = Cp similarity is “Low”.
Lsw = by Then, by applying the Mamdani method to
compute the fuzzy similarity between users u and
Here the triple (a,, b,, c,) represents the pa- v based on the evaluation of commonly viewed

rameters of the membership function for each
fuzzy assessment of the similarity level Sy, of
users u and v based on the corresponding term S,
p.=1 ¢, which are specified in advance. Since the
Mamdani method is based on the use of a rule-
based system to generate an inference, we intro-
duce an appropriate set of production rules for
calculating the degree of similarity between users:

IF M(W) (1) IS FUZZY OF A,, y(” (r,) IS FUZZ

OF A;THEN s, IS FUZZY OF S,

where A, 4, are the linguistic terms of the ratings
given by users u and v, S, is the corresponding
term of the users’ similarity level, and IS FUZZY OF

objectsi € I' c I for each criterion k € K, we obtain:

Msum( wi) = max u (y)
l (6)
u (y) = maX mln(.uAk ( ul) ‘uAk ( )):

where ug’wi(sum) denotes the degree of mem-

bership of the possible values s,4; of the similarity
between users u and v when evaluating object
i,i €', inthe output fuzzy set Sfjm corresponding
to the given term.

After fuzzy similarity values have been obtained
for each pair of users u and v for each linguistic
term, there arises a need to defuzzify them for
further use in computing the predicted recom-
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mendation rating. In this study, the centroid (center
of gravity) method of fuzzy set defuzzification is
employed [6].

N zgzl Suviﬂguvi(suvi)
uvit

s (7)

Zgzl ngvi(suvi)
Next, the Mamdani method is applied to all

objects from I’ that were jointly viewed and rated
by users u and v, respectively. As a result, a set
of similarity values is obtained, and for the final
calculation of the similarity between two users it
is necessary to compute the average value S, of
the resulting set of values:

Sty = S ®)

The calculated value provides an approximate

measure of the level of similarity in how users v and
u evaluate common objects. Then, a relationship
can be defined for predicting the rating that user
u may potentially assign to object i, which has not
been previously viewed by the user, taking into ac-
count the ratings provided by other users:

a EveNusfwrvi

Y S ®)
where N, is the set of users most similar to user
u according to the calculated values S;;, and
R,; is the rating assigned by user v to object
i. After performing the calculations required to
generate recommendations, all predicted ratings
are ordered in descending order, and the top L
values corresponding to the respective objects
are selected (L — a parameter that can be varied).

Model Experiment

To validate the proposed approach, an artificial
test dataset was created consisting of 7 users,
3 evaluation criteria, 2,100 user-object ratings,
and 6,300 criterion-based ratings. The use of gen-
erated data made it possible to fully control the
structure of the sample, the level of sparsity, and to
repeat the experiment under identical conditions.

First, a set of users and a set of objects that
they could rate were formed. For each “user-ob-
ject” pair, a rating was generated with a certain
probability, which allowed the desired level of den-
sity in the rating matrix to be specified. Rating va-
lues were generated in the range from 1 to 5, taking
into account possible differences in user prefe-
rences and object characteristics. Separately, for
each object, the values of the criteria according to
which it was evaluated were generated, and these
criteria were used as input data for constructing
personalized fuzzy membership functions.

As a result, a model dataset was obtained
that reproduces a typical information structure
of recommender systems: a set of users, a set of
objects, a partially filled rating matrix, and descrip-
tive object criteria. This made it possible, under
controlled conditions, to study the operation of
the model, verify its ability to process sparse and
partially uncertain data, and assess the impact of
the proposed fuzzy mechanisms on recommenda-
tion quality.

Three metrics were used for comparison:
MSE, RMSE, and SSE. All of them reflect the error

MSE: Naive vs Fuzzy

0.78 1

0.77

0.76 1

0.75 1

0.74
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0.73 1

0.72 A

0.71 1

0.70 1

== Naive MSE
== Fuzzy MSE

Number of users in subset

Fig. 2. Comparison of the mean squared error for Naive and Modified methods
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between predicted and actual ratings, where lower
values indicate better model performance.

The graph shown in Figure 2 presents a com-
parison of the mean squared error (MSE) values
for the naive collaborative filtering method and
the modified fuzzy approach across samples with
different numbers of users. The X-axis represents
the number of users, while the Y-axis represents
the MSE values. It can be observed that, for the
considered subsamples, the MSE values of the
modified approach are lower than or close to those
of the naive method, which indicates better or at
least no worse rating prediction accuracy.

The graph shown in Figure 3 illustrates the
change in RMSE for the two approaches depending
on the number of users in the sample. The X-axis
shows the number of users, while the Y-axis repre-
sents the RMSE values. As can be seen, the results
are similar to those shown in the previous graph. The
modified method demonstrates a reduction in error.

The graph shown in Figure 4 presents a com-
parison of SSE for the naive and fuzzy approaches.
The X-axis represents the number of users in the
subset, while the Y-axis shows the SSE values.
Since SSE reflects the total accumulated error for
the entire sample, a reduction in this measure in
our approach indicates that the overall number of
rating prediction errors is lower compared to the
baseline model.

Figure 5 shows a chart illustrating the percent-
age improvement of the modified approach com-
pared to the naive method across three metrics:

MSE, RMSE, and SSE. The X-axis represents the
number of users in the sample, while the Y-axis
indicates the percentage change in the metrics.
Positive values correspond to improvements in
quality (i.e., error reduction) for the fuzzy approach
relative to the baseline, allowing a clear visualiza-
tion of how the proposed modification enhances
results for each subset size.

When comparing the modified approach with
the naive collaborative filtering method on artifi-
cially generated data, a heterogeneous pattern
is observed: for some user subsets, the modified
method demonstrates better error metrics, while
for others, its performance is close to that of the
baseline model.

One key factor explaining this behavior is the
nature of the input data. In the proposed approach,
when calculating similarity between users, addi-
tional criteria based on movie attributes are con-
sidered. For real-world data, these criteria typically
correlate with user preferences (e.g., genre, cast,
release year), allowing for more accurate modeling
of the structure of user preferences.

In such situations, the added complexity of the
proposed model does not necessarily reveal use-
ful patterns, but rather amplifies the influence of
random factors. The naive method, relying solely
on the rating matrix, proves to be more robust in
the absence of meaningful dependencies, where-
as the modified approach, which incorporates
membership functions and weighted coefficients
based on the criteria, becomes sensitive to random

RMSE: Naive vs Fuzzy

=—C== Naive RMSE
0.88 1 == Fuzzy RMSE
0.87 1
A 0.86
=
4
0.85 1
-..‘__—IJ
-
0.84 1
T T T T T
2 3 4 5 7

Number of users in subset

Fig. 3. Comparison of the root mean squared error for Naive and Modified methods
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Fig. 4. Comparison of the sum of squared errors for Naive and Modified methods

Fuzzy vs Naive: Percentage performance boost
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XA SSE boost (%)

Performance boost (%)
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Fig. 5. Percentage improvement of the modified approach

fluctuations. As a result, for certain user subsets,
the method demonstrates only a slight improve-
ment in metrics compared to the naive approach.

CONCLUSIONS

In this work, a modification of the naive col-
laborative filtering method was proposed by in-
troducing elements of fuzzy logic, which allowed

for the consideration of additional evaluation cri-
teria for objects and the construction of a more
flexible model of user preferences. A comparative
experiment was conducted on an artificially gen-
erated dataset that reproduces the typical struc-
ture of information in recommendation systems,
comparing the naive method with the proposed
approach.

64 SCIENCE, TECHNOLOGIES, INNOVATIONS » 2026, N2 1



CUCTEMHUN AHANI3 | NIPUAHATTS PILLEHb

The results of the numerical experiments
showed that even under conditions of artificially
generated data, where the relationship between
the criteria and user ratings does not fully reflect
real behavioral patterns, the modified approach
demonstrated a reduction in error values compared
to the naive method. This indicates the potential
effectiveness of incorporating evaluation criteria
and using fuzzy membership functions to improve
recommendation quality. At the same time, these
results should be regarded as a conservative esti-
mate of the model’s capabilities, since the absence
of real correlations in synthetic data partially limits
the advantages of the modified approach.

Future research will focus on testing the pro-
posed model on real-world data, where evaluation
criteria are genuinely related to user preferences.
This will allow for the assessment of the model’s
adequacy in real-world conditions, its robustness
to random variations in preferences, and a com-
parison with other modern recommendation ap-
proaches. An additional task is the fine-tuning of
fuzzy membership function parameters and crite-
rion weights, which is expected to further enhance
the quality of generated recommendations.
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€. B. IBOXIH, a-p ¢i3.-mart. Hayk, Npod.
I. B. WWENYKIH, acnipaHT

PEKOMEHOALIINHA MOJEJb NMPOrHO3YBAHHA AAHUX HA OCHOBI HEMITKOI IOTIKU
TA METOAY KOJIABOPATUBHOI ®UIBTPALILII

Pe3siome. Y cTarti 3anponoHoBaHoO Mozesib NPeAcTaB/IeHHS] AaHUX Y peKoOMeHAauiiHux cuctemax, Lo rpyH-
TYETbCS Ha BIPOBAaAXEHH| anaparty HeuYiTkoi norikm B meton konabopatuBHOI ¢inbTpadii Ans nigBuLLeH-
HSl IKOCTi (popMyBaHHS nepcoHasnizoBaHux pekomeHpaauii. Ocobnusy yBary npuzaineHo npobiemam po3-
PiXeHOCTi faHuXx, HEBU3HAYEHOCTi KOPUCTyBaLUbKUX OLIHOK Ta cyb’eKTUBHOCTI iHTeprnpeTtauii kputepiis,
o TPaauUiiHO yCknaAHOTb POOOTY K/IACUYHUX airopuTMiB pekomMeHgauii. Y mexax A0oCniaxXeHHs 00-
rPYHTOBAHO AOUIIbHICTb BUKOPUCTAHHS M€PCOHaNi30BaHUX TPUKYTHUX QYHKLIVI HAa/IeXHOCTI, Ki AaloTb 3MOry
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CUCTEMHUN AHANI3 | NIPUAHATTS PILLEHb

Biao6pa3nTu nepcoHasbHi yrogobaHHsi Ta 0CoBMBOCTI OLIIHIOBAHHST KOXHOIro KopucTyBada. 3arnpornoHoBaHO ¢pop-
marnizoBaHy npoueaypy nobynoBu Ta AMHAMIYHOrO OHOBJIEHHS napamMeTpiB Takux GyHKUI A58 BCix KpUTepiiB
OLIIHIOBaHHSI.

Lns ob64ncnaeHHs1 Mipy noaibHOCTI MiX KOPpUCTyBa4aMu 3aCcTocoBaHO MeToa MamaaHi, 1o 3abesneqye Bpaxy-
BaHHSI HEYITKOCTI OLiHOK | Aa€ 3Mory ¢oopmyBaTtu J10ri4YHO y3roaxXeHi BUCHOBKU HA OCHOBI CUCTEMU rnpaBua. Takui
nigxig Hagae MOXJ/NBICTb BU3Ha4YaTy PIiBEHb (MipYy) CXOXOCTI MiX KOPUCTyBa4Yamu 3 ypaxyBaHHSIM 6aratoBUMIpHNX
KpuTepiiB Ta ixHbOI sikicHOI iHTeprnipeTauii. OkpiM TOro, NPoOAEMOHCTPOBAHO NpoLueaypy Aepasungikauii oTpuMaHux
HeuiTKknx 3Ha4yeHb noAibHOCTI Ta iXHbOI iIHTerpauii B npouec rnporHo3yBaHHS PEATUHTIB.

Jns ouiHoBaHHS e(ekTUBHOCTI Po3pobieHOi Moaesni NpoBeaeHO MOAEIbHUI eKCNepuMeHT Ha LUTYYHO 3re-
HepoBaHOMYy Habopi AaHUX i3 KOHTPOJIbOBAHOK CTPYKTYPOIO Ta 3aAaHnM PIBHEM PO3PiAXeHOCTi. 3aCTOCOBaHO
MEeTPUKN Ha OCHOBI 3HA4€Hb CEePeaHbOKBaAPAaTUYHOro BiaxmnneHHs (MSE), kBaapartHOro KOpPeHsl 3 cepeaHbo-
kBaaparnyHoro BiaxuneHHs (RMSE) ta cymu kBaapariB BiaxuneHb (SSE) Ans nopiBHSIHHS 3arnpornoHOBaHOro nif-
xoay 3 peaysnbtTatamy 6a30Boro MetToay konabopatuBHoOi ¢inbTpauii. OTpyuMaHi pe3ynbTat EMOHCTPYIOTb 10~
TEeHUIViHy 34aTHICTb MOANDIKOBaHOI Moaeni 3MeHLLYBaTy MoxXmOKy MpPOrHO3yBaHHSI B YMOBAax HEMOBHUX i HEYITKUX
AaHunX, a TaKkoX rosinwyBaTy aganTUBHICTb PEKOMEHAALii 3aBASKN BPaxyBaHHIO iHANBIAYaIbHUX MOLEEN OLiHI0-
BaHHS1. 3anpornoHoBaHWii Nniaxig Moxe 6yTy BUKOPUCTaHWUI K NigrpyHTs A8 nooyaoBu GinbLl CTIKAKUX, MTHYYKUX Ta
iHTEepnpeToBaHUX PEKOMEHAALIIHUX CUCTEM HOBOIO MOKOJTIHHSI.

KnoyoBi cnoBa: HediTka sorika, metoq MampaaHri, konabopatnBHa QinbTpalis, PO3PiaXeHiCTb AaHVX, HEBU3Ha-
YeHICTb, HEYITKi Yynucna.
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