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This study investigates the electrical conductivity of polymer nanocomposites filled with carbon nano-
tubes, taking into account the influence of both nanotube concentration and diameter. The experimental
results reveal a pronounced nonlinear dependence of conductivity on filler content, characterized by a tran-
sition from a tunneling-dominated charge transport mechanism at low concentrations to a percolation-con-
trolled regime after the formation of a continuous conductive network. It is shown that the nanotube diam-
eter significantly affects the conductivity over the entire concentration range, particularly in the pre-perco-
lation region, which can be attributed to variations in interparticle contact efficiency and tunneling conditions.
A comparative analysis of the experimental data was performed using classical analytical models, including
percolation-based approaches and the McLachlan generalized effective medium model. It was found that these
models can adequately describe individual conductivity curves; however, their fitting parameters vary substan-
tially with nanotube diameter and often lose physical interpretability. This limitation restricts their applicabil-
ity for the unified description and prediction of electrical behavior in systems with varying geometrical charac-
teristics of the filler. To overcome these limitations, an intelligent model of electrical conductivity based on fuzzy
logic has been developed, which allows simultaneously taking into account the concentration and diameter of
nanotubes without the need to specify a rigid analytical dependence. The proposed modeling approach provides
high accuracy of reproduction of experimental data and forms a generalized description of the dependence of
electrical conductivity on system parameters. The results obtained confirm the effectiveness of the application
of artificial intelligence methods for modeling and predicting the properties of complex polymer nanocomposites
under conditions of limited experimental data.

Keywords: Polylactic acid, Polymer nanocomposites, Carbon nanotubes, Electrical conductivity, Artificial

Intelligence, Fuzzy Logic Models.
DOI: 10.21272/jnep.18(4).04022

1. INTRODUCTION

Polymer nanocomposite materials filled with carbon
nanotubes (CNTs) have attracted considerable attention
of researchers in recent decades due to the combination
of low density, processability of the polymer matrix and
unique electrophysical properties of the nanofiller [1].
Of particular interest are electrically conductive poly-
mer nanocomposites, which are used in flexible electron-
ics, sensor systems, electromagnetic radiation screens,
antistatic coatings and energy devices [2, 3]. The electri-
cal conductivity of such materials is formed as a result
of the complex interaction of geometric, structural and
physical factors that determine the process of formation
of a conductive network in the polymer matrix. Among
biodegradable polymers, a promising matrix for the cre-
ation of such materials is polylactic acid (PLA), which
combines environmental safety, biocompatibility and
good technological characteristics [4, 5].
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To describe the electrical conductivity of polymer
nanocomposites, analytical models are traditionally
used, which can be conditionally divided into two main
classes: effective medium models and percolation mod-
els. Effective medium models, in particular the general-
ized Bruggeman model, consider the composite as a ho-
mogenized system with effective properties determined
by the ratio of phases and their individual characteris-
tics [6]. Percolation models, in turn, are based on the
theory of critical phenomena and describe a sharp tran-
sition from an insulating to a conducting state when the
percolation threshold is reached, using power depend-
ences with universal critical indices [7].

Despite the success of these approaches in explaining
general patterns, they have significant limitations when
applied to real polymer nanocomposites with CNTs. This
is primarily due to the fact that such models are based on
a number of simplified assumptions, in particular regard-
ing the homogeneity of the filler distribution, the isotropy
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of the system and the idealized geometry of the conduct-
ing particles. In real materials, the structure is much
more complex: aggregation of nanotubes, variations in
their length and diameter, as well as a significant influ-
ence of interparticle contacts and tunneling transitions
on the charge transfer mechanism are observed [8].

One of the key, but insufficiently taken into account
parameters is the geometric characteristics of nano-
tubes, in particular their diameter. The diameter of the
CNT determines the curvature of the surface, the area
of interfacial contact with the polymer matrix, the effec-
tive distance between the conducting elements and the
nature of electronic tunneling between them [9]. Despite
the obvious physical significance of this parameter,
most existing analytical models do not include it explic-
itly or only indirectly through generalized effective pa-
rameters. This significantly limits their ability to ade-
quately describe and predict the properties of systems
with different types of nanotubes.

In this regard, recently, approaches based on artifi-
cial intelligence and machine learning methods have
been actively developed, which allow modeling complex
nonlinear dependencies without the need for explicit for-
mulation of physical equations [10]. Such models are
able to take into account multidimensional relation-
ships between system parameters, including concentra-
tion, geometric characteristics of the filler and material
processing conditions. However, the effectiveness of
commonly used deep learning and machine learning
methods significantly depends on the volume and repre-
sentativeness of training data. In the case of polymer
nanocomposites, experimental data are often limited,
which reduces the reliability and generalizability of
such models. A promising alternative in conditions of
limited samples are models based on fuzzy logic, which
combine elements of formalized knowledge and empiri-
cal data [11]. Fuzzy models allow describing complex
nonlinear systems using linguistic rules of the “if—~then”
type, while ensuring interpretability and resistance to
data uncertainty [12]. An important advantage of this
approach is the ability to integrate a priori physical
ideas about the system with experimental results, which
is especially relevant for multifactorial nanocomposite
materials.

In this context, the aim of this work is to develop a
model of the electrical conductivity of polymer nanocom-
posites filled with carbon nanotubes using fuzzy logic-
based approach of artificial intelligence. The proposed
model is aimed at taking into account key parameters of
the system, in particular the concentration and diame-
ter of nanotubes, and should provide a more adequate
description of experimental dependencies compared to
classical analytical approaches.

2. THEORETICAL MODELS FOR PREDICTING
ELECTRICAL CONDUCTIVITY

2.1 Selection of Data for Modeling

A system based on polylactide and carbon nanotubes
was chosen for modeling. To correctly build the model,
the dependence of the tensile strength on the content
and size of nanotubes for this system was analyzed [13-
18]. Table 1 shows the average values.
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Table 1 — Data set used for further modelling

No d, nm C, % o, Slem
1 9.5 0 1.0-10-12
2 9.5 0.5 2.0-10-4
3 9.5 1 1.3-10-3
4 9.5 3 3.0-10-1
5 9.5 4.5 5.0-10-1
6 9.5 6 1.5

7 11 0 1.0-10-9
8 11 1 1.0-10-1
9 11 3 2.5:10-1
10 11 5 4.6-10-1
11 11 7 2.-10-1
12 15 0 1.0-10-9°
13 15 0.25 7.0-10-9
14 15 0.5 8.0-10-8
15 15 1 2.0-10-4
16 15 1.5 6.0-10-4
17 15 2 1.0-10-2
18 15 3 3.0-10-2
19 20 0 7.3:10-8
20 20 1.5 1.4-10-3
21 20 3 7.9:10-2
22 20 6 2.1

In the modeling process, the range of carbon nano-
tube diameters was selected as 9.5-20 nm, which corre-
sponds to the typical parameters of multi-walled nano-
tubes, which are most often used in polymer composites.

The concentration range of 0.25-7 wt. % CNT was se-
lected taking into account the characteristic regularities
of the formation of electrically conductive percolation
structures in polymer nanocomposites. According to nu-
merous studies, it is at this content of nanotubes that a
spatial network of nanotubes is formed, which signifi-
cantly improves the electrical conductivity of the mate-
rial [19]. This allows achieving the maximum value of
the electrical conductivity coefficient, which is crucial
for the practical application of such materials.

Melt mixing was chosen as the main method for ob-
taining composites, since this approach is one of the
most technologically suitable and widely used methods
of introducing nanofillers into thermoplastic polymers.

2.2 Analytical Models

For a more complete and correct description of the
percolation transition in nanofilled polymer systems,
the McLachlan equation is used [20]:

Is I/s a'/’ _ o-}ég

o, —0
(l_p) l/':l DC: +po_1/r+AGl/z =0 (1)
f DC

This equation is a phenomenological relationship be-
tweeno,, o, and o,. which are the conductivities of

the nanofiller, polymer matrix, and nanocomposite, re-

spectively. It should be noted that Eq. (1) can include
both complex quantities o, , 0, and 0, , and their real

parts. The value of the volume fraction p lies in the
range from 0 to 1, when p=0 the medium is noncon-

ductive (o,.=0,), and when p=1 the medium
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becomes conductive (o, = o, ). The critical volume frac-

tion p, or percolation threshold characterizes the tran-
sition from the nonconductive to the conductive state
and determines the coefficient A=(1-p,)/p,. Ats=t=
1, this equation is transformed into the Bruggeman

equation for a symmetric medium. Equation (1) has two
solutions:

‘O_f‘_)oo : UDCzo-m[ Pe ] ’ p<pc7 (2)
(p. = p)
t
pP-p
—0: 0y =0 <, >p., 3
o, DC f[(l_Pc)j p pé ()

where s and ¢ are critical indices. Equations (2) and (3)
are the reduced percolation equations.

2.3 Description of the Algorithm for Building an
Al-Based Model

A critical bottleneck in the development of approxi-
mation-oriented Al models for modeling and predicting
the electrical properties of polymer nanocomposites lies
in the severe scarcity of experimentally obtained data,
primarily due to the high cost, labor intensity and tech-
nological complexity of conducting physical experiments
[10]. Under such data-constrained conditions, conven-
tional deep learning architectures, as well as widely
used machine learning techniques (including support
vector machines, random forest, gradient boosting
methods, and Gaussian process regression) exhibit sub-
stantial limitations in terms of generalization capabil-
ity, robustness, and susceptibility to overfitting. These
methods typically rely on large-scale, high-quality da-
tasets to capture complex nonlinear relationships inher-
ent in nanocomposite systems, which are often unattain-
able in practical materials science applications [10]. In
contrast, fuzzy logic-based approaches offer a promising
alternative paradigm due to their inherent ability to ef-
fectively formalize and process small, imprecise, and het-
erogeneous datasets [11]. By leveraging linguistic varia-
bles and rule-based inference mechanisms, fuzzy systems
enable the construction of compact and interpretable
models that preserve essential physical insights [21].
Moreover, the resulting knowledge representation in the
form of transparent rule bases facilitates human inter-
pretability and expert validation, thereby providing not
only predictive capability but also explanatory value,
which is critically important for the design and optimiza-
tion of advanced polymer nanocomposites.

Among the wide spectrum of fuzzy modeling tech-
niques, Takagi-Sugeno (TS) fuzzy models represent a
particularly effective and well-balanced choice, as they
provide a favorable trade-off between interpretability
and approximation accuracy [22]. Unlike purely linguis-
tic Mamdani-type systems, TS models employ clearly
numerical consequents, enabling them to capture com-
plex nonlinear dependencies with higher precision while
still retaining a transparent rule-based structure [23].
This hybrid nature makes them especially suitable for
modeling the electrical behavior of polymer nanocompo-
sites, where both predictive performance and physical
interpretability are of paramount importance. In this

study, the Takagi-Sugeno fuzzy model is developed and
investigated. The optimized structural and parametric
configuration of the presented T'S model makes it possi-
ble to achieve enhanced predictive accuracy while pre-
serving logical transparency and interpretability of the
resulting rule base.

3. RESULTS AND DISCUSSION

3.1 Generalized Effective Medium Model for
Conductivity Prediction

The experimental conductivity-concentration de-
pendences were additionally analyzed using the gener-
alized effective medium (GEM) model proposed by
McLachlan, which is widely applied for describing
transport properties of heterogeneous systems near the
percolation threshold. In the present study, an explicit
asymptotic form of the GEM model (3) was employed,
allowing fitting of the conductivity curves for each nano-
tube diameter independently.

Fig. 1 shows the result of modelling of the electrical
conductivity of polymer nanocomposites based on pol-
ylactic acid and carbon nanotubes of different diame-
ters, using GEM model. Fitting parameters of the mod-
elling are shown in Table 2.

The fitting results demonstrate that the GEM model
is capable of reproducing the general shape of the exper-
imental curves, yielding high coefficients of determina-
tion (R2 up to ~ 1.0 for some datasets). However, a de-
tailed analysis of the obtained parameters reveals sig-
nificant inconsistencies.

First, the critical exponent ¢, which is expected to be
a universal parameter determined by the dimensional-
ity of the system, exhibits strong variation across the
datasets, ranging from approximately 1.3 to 4.3. Such
variation cannot be justified within classical percolation
theory and indicates that the model compensates for
missing physical factors by adjusting the exponent.

1
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b ® d=15nm
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Fig. 1 — Modelling results of conductivity vs. CNT content
(circles) using GEM model (solid lines)

Table 2 — Fitting parameters of GEM model

d, nm or, Slem t Ce, % R?

9.5 9-10-3 3.2 0.25 0.90
11 1-10-1 1.3 0.5 0.85
15 8-10-4 4.1 0.35 0.92
20 4-10-5 4.3 0.5 0.92
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Second, the effective conductivity of the filler phase
varies by several orders of magnitude between different
datasets, despite the fact that the similar type of carbon
nanotubes was used. This indicates that the fitted pa-
rameters lose their physical meaning and become purely
phenomenological.

These observations clearly demonstrate that, alt-
hough the GEM model can approximate individual con-
ductivity curves, it fails to provide a consistent and
physically meaningful description of the system when
the geometrical characteristics of the filler, such as
nanotube diameter, are varied. The necessity to refit the
model parameters for each dataset separately high-
lights its limited predictive capability.

In contrast, data-driven approaches, such as models
based on artificial intelligence, are capable of capturing
the multidimensional dependence o = f(C, d) within a
single unified framework, without the need for parame-
ter re-identification for each specific case. This makes
them more suitable for describing complex nanocompo-
site systems where multiple interacting factors govern
the electrical behavior.

3.2 Al-Based Model for Conductivity Prediction

A zero-order Takagi-Sugeno (TS) fuzzy model is
characterized by a rule base in which the antecedent
part consists of fuzzy conditions defined over input var-
iables, while the consequent of each rule is represented
by a constant value [22]. Each rule typically takes the
form:

If xjis4 and... and x,is A, theny =c,, 4)

where Ajj are fuzzy sets and c¢; are scalar constants. The
core computational procedure involves several sequen-
tial operations: fuzzification of input variables using
predefined membership functions, evaluation of rule fir-
ing strengths through ¢-norm operators (commonly
product or minimum), aggregation of rule contributions,
and final defuzzification via a weighted average mecha-
nism [22]. Specifically, the model output is computed as
a normalized weighted sum of the rule consequents,
where the weights correspond to the firing strengths of
the respective rules. This structure ensures computa-
tional simplicity, numerical stability, and efficient im-
plementation, making zero-order TS models particu-
larly suitable for problems with limited data and real-
time processing requirements.

In this work, a synthesis and study of the effective-
ness of the zero-order T'S fuzzy-logical model was carried
out, which allows reproducing the dependence of the
electrical conductivity o on the nanotube diameter D
and the CNT concentration C at fixed values of other
parameters, such as the degree of crystallinity and the
manufacturing method.

In this model it is advisable to transform the output
variable o into a logarithmic scale (i.e., computing
logi0o) due to its wide range, spanning multiple orders
of magnitude (from 10-12 to 109), which helps mitigate
skewness and heteroscedasticity, stabilize variance, and
significantly improve the numerical conditioning and
approximation accuracy of the model. When developing
the model based on the above set of experimental data
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(Table 1), the following operating ranges were selected
for each input and output variable: D —9.5...20 nm; C —
0...7 %; logioo— — 12...0.322. For the fuzzification of the
input variable D, 4 linguistic terms (LT) were selected:
VS —very small; S — small; M — medium; B — big. In turn,
for the input variable C, 8 LTs were selected: Z — zero;
VL —very low; L —low; BA —below average; A — average;
AA — above average; H — high; VH — very high. Since the
zero-order T-S mechanism for the output variables in-
volves the use of clear numbers instead of fuzzy sets, in
this case, 19 LTs in clear numerical form were selected
for the output variable of the model logioo: mf1 = — 12;
mfa2 =—3.699; mfs =— 2.903; mfs=— 0.523; mfs =— 0.301,
mfe = 0.176; mfr = —9; mfs = — 1; mfo = — 0.602; mfio=
—0.337; mfi1 = —0.699; mfi2 = — 7.097; mfiz = — 3.222;
mfia=—2; mfis = — 1.623; mfis = — 7.137; mfir = — 2.854;
mfis = — 1.102; mfi9 = 0.322.

For all linguistic terms of the input variable D, 1st
type Gaussian membership functions (MFs) were cho-
sen. For the first six MF's of the variable C (Z, VL, L, BA,
A, AA), also 1st type Gaussian MFs were chosen, and for
the 7th and 8th (H, VH), 2nd type Gaussian MFs were
selected. In turn, the 1st type Gaussian MF (D) for the
variable D and the 2nd type Gaussian MF x(C) for the
variable C are described by expressions (5) and (6), re-
spectively:

(D)= * 5)
(c-by
e 2 ,at C<b;
wCy=<lat b<C<d;

_(C-ay
e 2 atC>d;

b<d,

(6)

where a, b, ¢, d — adjustable MF parameters.

The appearance of the input variables’ L'Ts with ad-
justed parameters of their MFs are presented in Fig. 2.

To connect the LTs of input (D, C) and output (logioo)
variables of the model in the form of antecedents and con-
sequences of logical chains, a rule base (Table 3) was cre-
ated, which allows reproducing the experimental depend-
ences of these variables (Table 1) in a well-interpreted
and intuitively understandable for a human form.

In particular, the constructed rule base consists of 21
rules, each of which has a consequent represented by a
corresponding numerical term (presented above) of the
output variable. Moreover, 19 different consequents are
used in the 21 rules, since the 12th rule uses the term
mf7 and 14th rule uses the term mfe.

“(D}VS S M B
0.5
0
10 11 12 13 14 15 16 17 18 19 20
D, nm
a
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“(Cl) ZVLLBAA AA H VH
0.5
0
o 1 2 3 4 5 6 7
C. %
b

Fig. 2 — Appearance of configured linguistic terms of input var-
iables for the fuzzy model

Table 3 — Rule base of the fuzzy model

Rule

=)

If (D is VS) and (C is Z) then (logi00) is mf1)

If (D is VS) and (C is VL) then (logi00) is mf2)

If (D is VS) and (C is L) then (logi00) is mfs)

If (D is VS) and (C is AA) then (logioo) is mfs)

If (D is VS) and (C is H) then (logi00) is mfs)

If (D is VS) and (C is VH) then (logi00) is mfs)

If (D is S) and (Cis Z) then (logi00o) is mf7)

If (D is S) and (Cis L) then (logi0o) is mf3s)

©|oo|~a|o ot | o |bo |- |

If (D is S) and (Cis AA) then (logi0o) is mf9)

If (D is S) and (Cis H) then (logi00) is mfio0)

ol
L =]

If (D is S) and (Cis VH) then (logi00) is mf11)

=
N}

If (D is M) and (Cis Z) then (logi00) is mf7)

13 If (D is M) and (Cis VL) then (logi00) is mf12)

14 | If (Dis M) and (Cis L) then (logio0) is mf2)

15 If (D is M) and (Cis BA) then (logi00) is mf13)

16 | If (Dis M) and (Cis A) then (logi00) is mf14)

17 If (Dis M) and (Cis AA) then (logi00) is mfis)

18 | If (Dis B) and (Cis Z) then (logi00) is mfie)

19 If (D is B) and (Cis BA) then (logi00) is mfi7)

20 If (D is B) and (Cis AA) then (log100) is mfis)

21 If (D is B) and (C is VH) then (logi00) is mf19)

The characteristic surface built on the basis of the
developed TS fuzzy model is presented in Fig. 3.

The developed rule base and configured linguistic
terms’ parameters made it possible to achieve high ac-
curacy of the Al-based model. The effectiveness of the
TS fuzzy model used to predict the electrical conductiv-
ity for polylactide-CNT systems is shown in Fig. 4.
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Fig. 3 — Characteristic surface of the developed T'S fuzzy model
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Fig. 4 — Comparison of the accuracy of predicted and experi-
mental conductivity values obtained using the TS fuzzy model

The graph shows that the values of o obtained using
the model and from the experiment exhibit a linear cor-
relation. The value of the coefficient of determination
R2 = 0.98, which is a very high indicator of predicting
performance.

3.3 Physical Interpretation and Comparison of
the Obtained Results

Analysis of three-dimensional surfaces of the de-
pendence of electrical conductivity on the concentration
and diameter of carbon nanotubes for polymer nanocom-
posites (Fig. 3) indicates a pronounced nonlinear nature
of the change in the electrophysical properties of the sys-
tem. The most characteristic feature is the presence of a
sharp transition from the insulating to the conductive
state upon reaching a certain critical content of nano-
tubes, which corresponds to the formation of a percola-
tion structure in the material [24].

In the initial concentration range (up to ~ 0.5-1 wt. %
CNT), the electrical conductivity remains extremely low
and varies within several orders of magnitude (from
~10-12to ~ 10-8 S/m depending on the diameter of the
nanotubes). In this mode, charge transfer is carried out
mainly due to electron tunneling between isolated filler
particles through the polymer matrix [9]. The conductiv-
ity values in this region significantly depend on the di-
ameter of the nanotubes: with an increase in diameter
from 9.5 to 20 nm, an increase in the basic conductivity
by several orders of magnitude is observed, which indi-
cates a decrease in the effective barrier distance be-
tween the conductive elements and an increase in the
probability of tunneling transport [25].

A sharp increase in electrical conductivity is ob-
served in the concentration range of about 0.5-1.5 wt. %
CNT, which corresponds to reaching the percolation
threshold. In this interval, an infinite conductive cluster
is formed, which provides effective charge transport
through the material. The transition has the character
of a jump-like change in conductivity by several orders
of magnitude, which is in good agreement with the pro-
visions of the percolation theory. In this case, the posi-
tion of the threshold varies somewhat depending on the
diameter of the nanotubes, but does not demonstrate a
strictly monotonic dependence, which indicates the sig-
nificant role of dispersion factors and interparticle in-
teraction. In the post-percolation region (C > 1-2 wt. %
CNT), a further increase in electrical conductivity is
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observed, but at a slower rate. This is due to the densi-
fication of the conductive network and an increase in the
number of contacts between nanotubes, which leads to
a decrease in the total contact resistance. For all studied
systems, at high concentrations (up to 6-7 wt. % CNT),
the electrical conductivity reaches values of the order of
10-1-10° S/m, which indicates the formation of a well-
developed conductive structure.

The influence of nanotube diameter on electrical con-
ductivity is complex and multifactorial. On the one
hand, an increase in diameter leads to an increase in
conductivity in the pre-percolation region, which can be
explained by a decrease in surface curvature and an in-
crease in the effective contact area between nanotubes.
On the other hand, in the post-percolation region, the
dependence of conductivity on diameter becomes less
pronounced, since the topology of the formed network
begins to play a decisive role, rather than individual ge-
ometric characteristics of the particles.

Another result is that the Tagaki-Sugeno model al-
lowed us to predict the behavior of electrical conductiv-
ity with increasing nanotube content and increasing
their diameter. Fig. 3 shows a step-like change in elec-
trical conductivity in this region. Such behavior may be
a consequence of agglomeration of nanotubes, which
combine into larger structures and form a percolation
network of aggregates.

Thus, the electrical conductivity of polymer nanocom-
posites with carbon nanotubes is determined by the com-
petition of two main mechanisms — tunneling charge
transfer in the low concentration range and percolation
transport after the formation of a continuous conductive
network. The diameter of the nanotubes mainly affects
the efficiency of interparticle contacts and tunneling pa-
rameters, which causes a change in electrical conductiv-
ity in the entire concentration range, but does not lead to
a fundamental change in the nature of the dependence.

4. CONCLUSIONS
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IIporHo3yBaHHA €J1€KTPOIIPOBIIHOCTI MOJIIMEPHUX HAHOKOMIIO3UTIB i3 3aCTOCYBAHHSIM HeEJi-

TKO-JIOTIYHOTO MigXO0y IUTYYHOIrO iHTeJIeKTy
E.A. JIuceunros?, O.B. Koanos?, P.B. Himxoc!, C.C. Pmxkos?, F. Korkees3

1 Yopromopcvkuil HayionanvHuil ynieepcumem im. Ilempa Moeunu, 54003 Mukonais, Yipaina
2 Miscnapoora akademis MOPCOKUX HAYK, MexHo102ll ma ihrosaulii 54025 Mukonais, Yipaina

3 Materials Science and Engineering Department, Faculty of Science and Engineering, Swansea University,

SA1 8EN Swansea, United Kingdom

Y po6oTi JOCTIPKEHO eJIEKTPOIIPOBITHICTE MOJIIMEPHUX HAHOKOMITO3UTIB, HATIOBHEHUX BYTJIEIIEBUMH Ha-
HOTpyOKaMu, 3 ypaxyBaHHSIM BIUIUBY IX KOHIIeHTpallll Ta giamerpa. ExcepumenTaspHl JaHl JeMOHCTPYIOTH
BHpaKeHUI HEJIHIAHNUYM XapakTep 3aJIesKHOCTI eJIEKTPOIIPOBLIHOCTI Bl BMICTY HAIIOBHIOBAYA, IO CYIIPOBO-
JIPKYeThCS TIEPEeX0I0M BiJf TYHEJIFHOTO MEeXaHI3My IepeHoCy 3apsiay B 00/IaCTl HUSPKUX KOHIIEHTPAINN 10 mIep-
KOJIALIHIHOTO TPAHCIIOPTY IIicsst popMyBaHHs Oe3nepepBHOI mpoBigHoi Mepesxi. [lokasaHo, 1o qiameTp HaHO-
TpyOOK iCTOTHO BILIMBA€E HA PiBEHDb €JIEKTPOIIPOBIIHOCTI B YCHOMY Jlala3oHl KOHIIEHTPAIliH, 30KpeMa B JoIre-
PKOJIAINIAHINA 00JIaCTl, 10 ITOB’SI3aHO 31 3MIHOK0 e(PeKTUBHOCTI MIKYACTHHKOBUX KOHTAKTIB Ta YMOB TYHEJIIO-
BaHHs. [IpoBeeHO HOPIBHSIJIBHUN aHAJII3 €KCIIEPUMEHTAIBHUX 3AJIEIKHOCTEN 13 BUKOPUCTAHHSIM KJIACHIHUX
AHAITUYHUX MOJeJed, 30KpeMa MEePKOJIAIIMHOrO MiIX0ay Ta y3arajabHeHOI Mojesli eeKTUBHOIO Cepejio-
suina MaxJlaxmana. BeranoBieno, 1110 111 MoziesIi J03BOJIAIOTE OIMUCYBATH OKPEMI KPHUB1 €JIeKTPOIIPOBIIHOCTI,
OHAK IX IIapaMeTPH CYTTEBO 3MIHIOIOTHCA IIPX 3MiHI JiaMeTpa HAHOTPYOOK 1 BTpavaioTh (piduduHy iHTepIIpe-
TOBAHICTH, 110 00OMEKYE IX 3aCTOCYBAHHS JJIsl Y3araJbHEHOrO OIIUCY CUCTEMH.

Jls1 mosrostasHs 3a3HAYEHUX 00MeKeHb PO3PO0JIEHO 1HTEIEKTYAIbHY MOJIEJIh eJIEKTPOIIPOBIIHOCTI HA OC-
HOBI HEUITKOI JIOTIKH, IKA J03BOJIAE OJHOYACHO BPAXOBYBATH KOHIIEHTPAILIIO Ta JiaMeTp HAHOTPYOOK 0es He-
00X1JTHOCT1 3aJJaHHS JKOPCTKOI aHANITUYHOI 3aJIEMKHOCTI. 3aIIPOITOHOBAHUH ITIIXIJT IO MOJIeTIOBAHHS 3a0e3rie-
dye BUCOKY TOUHICTH BIITBOPEHHS €KCIIePUMEHTAIBHUX JaHUX 1 OPMYye y3araabHeHUH OIIIC 3aJIeKHOCTI eJre-
KTPOIIPOBIHOCTI Bix mapamerpiB cucremu. OTpuMaH] pe3ysbraTé MiATBEPKYIOTH edeKTHUBHICTD 3aCTOCY-
BaHHS METO/IB IITYYHOI'O 1HTEJIEKTY JJIsI MOJIEJIIOBAHHS Ta IPOrHO3YBAHHS BJIACTUBOCTEN CKJIAJHUX IIOJIIMe-
PHUX HAHOKOMIIO3UTIB 38 YMOB 00MEKEeHOr0 00CATY €KCIIepUMEHTAIBHUX JaHUX.

Kmouoei ciora: [osmimosiouna kuciora, IomimepHi HanokommosuTu, Byriteriesi HanoTpyOKH, EtexTporpo-
BigaicTs, HITyunuit inTesmext, Momesi HETITKOI JIOTIKH.
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