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A MODEL-BASED APPROACH TO ASSOCIATIVE TESTING TECHNOLOGY
FOR EVALUATING COGNITIVE COMPETENCIES IN EDUCATION

The subject of the article is the development of a methodology for designing and utilizing Word Association
Tests (WAT) to assess competencies within academic disciplines. The goal of this study is to establish the theo-
retical and technological foundations of an information system for associative testing, aimed at enabling a
more structurally informed and diagnostically sensitive evaluation of the theoretical competence of learners.
These tests are constructed on the basis of associative fields related to specific aspects of a discipline, allowing
for the assessment of the structure and quality of cognitive representations in a learner’s mind. This study fo-
cuses on developing a comprehensive set of models and methods that underpin the technology of associative
test construction and defines the methodological mechanisms through which such tests enhance the analytical
capabilities of theoretical knowledge assessment. The proposed tests enable the evaluation of learners' depth of
understanding of specific theoretical components of a discipline. The methods incorporate an approach for
identifying underlying patterns and hypotheses relevant to the construction of WATs tailored to particular the-
matic areas. A systematic analysis is performed to explore the local cognitive features of learners and to gen-
erate micro-thesauri corresponding to individual disciplinary aspects. The frame theory is employed as a struc-
tural foundation for modeling the testing procedure. The following key results were obtained: (1) a conceptual
model of the associative testing domain was developed to systematize all phases of the testing process, (2) an
ontology model was created to integrate semantic elements of test questions into a coherent system, (3) a mi-
cro-thesaurus model was designed to represent specific disciplinary aspects and support the generation of as-
sociative test matrices across various academic fields; (4) a novel method for assessing associative test per-
formance was proposed, leveraging an additional feature space defined by auto-association map coefficients,
providing a formal basis for more fine-grained analytical evaluation of associative relations; (5) a frame-based
model of the associative testing procedure was developed, offering a structured framework for implementation
and facilitating software development, allowing software developers to quickly master the subject area, and (6)
a general methodology for test construction was described, requiring minimal web resources. The proposed
approach demonstrates a measurable improvement in assessment adequacy, as evidenced by a reduced dis-
crepancy between automated test results and expert evaluation. In particular, WAT-based assessment approxi-
mates expert judgment more closely than conventional testing methods, indicating reduced assessment bias,
higher diagnostic precision, and greater ability to accurately capture the learner’s cognitive structure. Con-
clusions: The scientific novelty of this research lies in the formalization and integration of a comprehensive
methodological framework for associative testing that is applicable across educational and research contexts.
This framework includes a system-level conceptual model, an ontology model that organizes semantic elements
into a unified structure, and a micro-thesaurus model for a specific discipline-specific aspect that reflects the
learner’s mental map and enables the generation of associative test matrices. The proposed method for evalu-
ating associative responses differs from existing approaches in that it introduces a new metric in the form of
auto-association map coefficients, providing a formalized representation of associative alignment rather than
an empirical performance indicator. This enables a more precise structural analysis of the learner’s associa-
tive connections within a thematic micro-thesaurus compared to the instructor’s thesaurus. The frame-based
model further supports structured implementation, and the overall methodology for determining cognitive
structures (mental maps) has potential applications in psychology and sociology. The results confirm that the
proposed approach improves the reliability and validity of competence assessment by more closely aligning au-
tomated evaluation with expert judgment.

Keywords: associative testing; complex of models; cognitive structure; micro-thesaurus, assessment for-
mation, test formation methodology.

1. Introduction dressing this issue. One of the main drivers is the in-
creasing number of learners, which limits instructors'
Ensuring education quality is a critical challenge  ability to provide sufficient attention to each student

for any educational system. The implementation and  within a given timeframe. Additionally, the growing
continuous improvement of computer-based learning prevalence of online education necessitates the use of
and competency assessment systems are crucial for ad-  automated competency assessment systems. Conse-
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quently, testing systems must ensure a comprehensive
evaluation of the knowledge and skills of learners.

Currently, various platforms for test creation and
administration have gained significant popularity. With
the rapid expansion of distance learning, there is a con-
tinuous demand among learners for skill enhancement
and competency assessment.

However, despite their widespread adoption, exist-
ing testing methodologies still exhibit several limita-
tions and offer significant research opportunities. The
complexity of test construction, which can hinder their
practical implementation, and the lack of reliability in
evaluation mechanisms, which lead to inaccurate con-
clusions regarding learners’ competencies, are the major
drawbacks of current testing systems.

Addressing these issues requires further explora-
tion of innovative testing methodologies. Particular at-
tention should be given to associative testing approach-
es. This approach enables the creation of test tasks that
go beyond simple memorization assessment, instead
focusing on evaluating the ability to establish relations
between concepts, analyze situations, and apply
knowledge in new contexts.

1.1. Motivation

The final stage of any learning process is
knowledge assessment, which plays a crucial role in
reinforcing acquired skills and determining learners’
competency levels. In a broader context, this stage can
be divided into two key components: the problem and
its solution’s evaluation. In this context, the problem
represents a challenge that a learner must overcome. It
can take various forms, such as multiple-choice ques-
tions, logical reasoning tasks, real-world scenario simu-
lations, and even creative assignments. The primary
objective of a test is to encourage learners to demon-
strate their competencies in a specific subject area by
activating their knowledge and skills.

The role of associative learning is an essential con-
sideration in test design. Learners often retain infor-
mation through associations, making it beneficial for
tests to activate cognitive connections. This can be
achieved through tasks that require associating con-
cepts, terms, and definitions or recognizing logical
structures and relationships between elements.

Thus, an automated assessment system based on
associative models could evaluate not only the correct-
ness of responses but also the context, reflecting the
learner’s cognitive structure and depth of understanding.
This approach would enable a more precise and holistic
competency assessment, thereby increasing the reliabil-
ity and credibility of the test results.

Furthermore, mathematical models for developing
associative-based tests remain an underexplored area of

research.

Therefore, this study aims to lay the foundations
for an information technology to assess theoretical
competency levels through associative model-based
testing. We hypothesize that such an approach will ena-
ble the identification of associative fields and cognitive
structures within the learner’s mind, providing deeper
insights into the subject matter’s understanding.

1.2. State of the art

Studies [1], [2] highlight the relevance of research
on the development of test items at the school level.
These works critique traditional tests that primarily as-
sess rote memorization, instead emphasizing the need to
evaluate reasoning skills and mathematical competen-
cies. Additionally, various intuitive approaches to de-
signing mathematics tests are discussed. However, these
studies primarily focus on outcome-oriented assessment,
with limited attention to the structural representation of
learners’ cognitive knowledge models.

The construction of logical-semantic or semantic
knowledge models is a crucial aspect of developing ed-
ucational materials, including tests. This aspect has been
explored in previous studies [3], [4], which focused on
synthesizing graph-based logical-semantic models for
open-architecture knowledge representation within the
knowledge bases of university instructors. The proposed
model aims to develop a graphical logical-semantic
knowledge representations knowledge base for educa-
tors. The authors introduce a three-factor graphical logi-
cal-semantic model architecture and a methodology for
forming a corresponding knowledge base for lecturers.
These approaches demonstrate the importance of struc-
tured semantic representations but are not directly ap-
plicable to associative test construction or learner-
centered cognitive diagnostics.

The creation of a mathematical model for analyz-
ing student learning data through predicate-driven logi-
cal networks is explored in [5]. This method accounts
for both logical dependencies and between-state proba-
bilistic transitions. This study includes an analysis of the
theoretical foundations of logical networks and predi-
cate logic, integrating these approaches into a unified
mathematical model. The model was tested on student
performance datasets, demonstrating its accuracy in
predicting academic outcomes and validating the feasi-
bility of an integrated approach. Nevertheless, the mod-
el focuses on performance prediction rather than on re-
vealing the underlying theoretical cognitive structures.

Study [6] introduces the concept of a «mental lexi-
con», formed through associations during foreign lan-
guage acquisition. The mental lexicon describes how
words gain meaning in a learner’s cognition through
connections with other words. Word association tests
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(WATSs) provide a means of assessing the depth of word
comprehension by revealing associative structures.
WATs are also known as word-affiliation tests and are
widely used in linguistic and psychological research to
identify lexical relationships. This raises the question of
whether the concept of mental lexicons and associative
structures can be systematically extended to other aca-
demic disciplines.

The effectiveness and functionality of cognitive
maps using WAT as a formative assessment tool were
investigated [7]. The findings indicate that the partici-
pants experienced conceptual changes and cognitive
development. A Wilcoxon test comparing pre- and post-
intervention results revealed significant differences.
These results support the use of WATSs for formative
assessment in educational research. Simultaneously, the
study primarily addresses empirical learning effects,
leaving open the issue of formal models for constructing
and interpreting associative tests.

A previous study [8] demonstrated that under-
standing students’ cognitive structures within a particu-
lar knowledge domain helps to identify key aspects of
their conceptual frameworks («what, how, and why»).
This study analyzed student responses in solution chem-
istry using word association tests (WATSs). A response
frequency mapping method was used to uncover cogni-
tive structures and analyze statements for misconcep-
tions, gaps in understanding, and vague reasoning. The
findings revealed a high degree of variability in cogni-
tive structures, with many students displaying underde-
veloped concepts. This outcome is not surprising and
further confirms that the structure of cognitive represen-
tations determines the actual quality of theoretical com-
petence.

Study [9] examined the applicability of WATSs for
generating user-derived descriptors, descriptor hierar-
chies, and inter-term relationships. Traditional word
association tests assume that responses function as syn-
onyms or antonyms, which unnecessarily limits their
potential value. Instead of making assumptions about
how terms are related, the study suggests asking partici-
pants to explain their reasoning behind associations.
WATSs were successfully used to generate user-defined
descriptors. The participants identified 20 types of inter-
term relationships, among which the most frequently
mentioned are type, part—-whole, synonym, activity, and
instrument. Thus, a foundation for constructing a micro-
thesaurus within a narrow problem domain was laid.
This confirms that WATSs are valuable tools for investi-
gating how users structure conceptual relationships and
perceive semantic connections within a domain.

Studies [10], [11] present a model of the semantic
structure of an educational course and describe the de-
velopment and implementation of an information tech-
nology system for identifying semantic term sets and

content structures in educational materials, including
test design. However, these studies lack models and
methods specifically oriented toward constructing asso-
ciative tests and do not address the representation of
individual associative knowledge structures among
learners.

Study [12] introduces Tesqual, a micro-thesaurus
designed as a controlled vocabulary based on hierar-
chical, associative, and equivalence relations. Tesqual is
intended for scientists, researchers, educators, students,
and general users who conceptualize and define certain
documents using a keyword-based approach. The goal is
to assist experts in storing and retrieving documents
from particular information systems. This confirms that
micro-thesauri are effective tools for structured
knowledge representation in specialized domains.

A method for generating semantic word relation-
ships using feature vectors, which are aggregated con-
textual features (i.e., keywords), was explored in [13].
Word similarity is determined by comparing feature
vectors, allowing researchers to predict whether two
words are synonyms or related by another semantic as-
sociation. The studied semantic associations are inter-
preted as thesaurus-based term relationships for intelli-
gent document classification. These results support the
expansion of micro-thesauri and support the hypothesis
that micro-thesauri can serve as a structural foundation
for associative testing.

Recent publication [14] also reflects broader con-
temporary trends in the development of ICTs for educa-
tional assessment. Frameworks for generative Al-driven
assessment in higher education emphasize the role of
intelligent systems in supporting assessment design,
feedback, and adaptability of evaluation processes.
While such approaches focus on scalability and assess-
ment automation, they do not address the formal repre-
sentation of cognitive structures or the construction of
associative tests grounded in domain-specific semantic
relations.

Another studies applied ML techniques [15] to
predict students' knowledge levels or academic perfor-
mance [16] using behavioral or performance data. These
approaches demonstrate the effectiveness of data-driven
assessment models, but they primarily concentrate on
outcome prediction rather than on diagnosing the inter-
nal structure of theoretical knowledge. In this context,
research on associative classification for predicting aca-
demic performance is conceptually closer to the present
work, as it exploits associative relationships within edu-
cational data. However, such studies typically employ
associative mechanisms as computational tools without
developing a formal methodology for constructing asso-
ciative tests or modeling associative knowledge struc-
tures.

Thus, despite the growing body of modern re-
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search on intelligent, Al-based, and associative ap-
proaches to educational assessment, an integrated for-
mal framework that combines associative representa-
tions, micro-thesauri, and procedural models specifical-
ly aimed at diagnosing the structural properties of learn-
ers’ theoretical competence remains lacking.

1.3. Objectives and tasks

This study aims to lay the foundations for an in-
formation technology framework for assessing theoreti-
cal competence levels through associative tests. These
tests are constructed based on associative fields within
specific aspects of a discipline, which, in our view, cre-
ates methodological conditions for a more structurally
grounded and diagnostically sensitive evaluation of the
quality of cognitive structures in a learner’s mind.

The main tasks and stages of this research include
the following:

Stage 1: Overview of the subject domain. Analysis
of existing approaches to develop and apply associative
tests, with particular attention to their representational
and diagnostic capabilities in assessing theoretical
knowledge.

Stage 2: Modeling. Development of a set of mod-
els and methods forming the foundation of a technology
for creating and implementing associative tests that cap-
ture the structural features of learners’ theoretical
knowledge within specific subject areas, rather than
measuring performance outcomes.

Stage 3: Methodology. Development of a method-
ology for designing associative tests.

Stage 4: Results. Conceptual and pilot-level vali-
dation of the proposed methodology through its applica-
tion to selected thematic areas, accompanied by an ana-
Iytical discussion of the observed structural properties
of associative responses. The quantitative evaluation of
testing efficiency and comparative performance metrics
is a direction for further research.

2. Materials and methods of research

2.1. Development of a Conceptual Model
for the Problem Domain

The problem domain conceptual model for as-
sessing proficiency in specific competencies is repre-
sented as a tuple (1):

MT= <C(GCLC,GrC)LQ,0AR,PFFA) (1)

where:
C(GC, LC, GrC) is the set of competencies to be
assessed, including GC is general competencies in spe-
cific disciplines, excluding foreign languages, where

assessment is executed through associative chains for
selected keywords;

LC is specific lexical competencies in foreign lan-
guages (assessed through classical testing methods);

GrC — grammatical competencies (denotation,
connotation, associations, and synonymic representa-
tions) assessed via associative chains;

LQ is the set of local quality criteria for learning
outcomes;

OA is the overall evaluation of learning outcomes;

Rc LQxOA is mapping of local quality criteria to
the overall competence assessment;

PFFA — the procedure for the final assessment
forming.

To transform the conceptual model into a struc-
tured set of models, as indicated in (1), the following
key components must be developed:

— a model for representing the associative test on-
tology as such;

— a micro-thesaurus model for a specific academic
discipline;

— a method for calculating assessments in associa-
tive testing;

— a frame-based model for associative testing; and

— a methodology for designing associative tests.

Thus, the problem domain conceptual model for
associative testing systematizes all aspects of the testing
process and lays the foundation for developing more
detailed models at the next level of specificity.

2.2. Ontology Representation of Model
for Associative Testing

Test task
/ ontology \
Relationships
Set otf within the g Sit_t?f
aspects — given test entities
taslk

Il 7 '

Intersection Mlicrothesau Entity
of aspects ™ r1us of the ] relationships
test task

/ and metrics
Probability L Probability
of correct Testin: distribution
answers | g & of the
distribution T learner’s
answer
Learner’s / choices
micro-
thesaurus

Figure 1 shows the ontology schema of the associ-
ative test.
Fig. 1. Ontology schema of the associative test
The formalized representation of the ontology of a
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test task, defined as a set of semantic units and their
relationships within a given task, is expressed by equa-
tion (2):

OT=<E(P),AS,ER,REA,RAS,AF,AFA,PDC,PDA> (2)

where:

E is the set of entities, P is the set of entity proper-
ties;

AS is the set of ontology aspects;

ER:EXE represents the set of entity relationships,
including associative, synonymic, and connotative rela-
tions;

REA:ExAS represents the set of relationships be-
tween entities and aspects within the context of the test
task;

RAS:ASxAS expresses the intersection of differ-
ent aspects;

AF is the test task’s associative field (micro-
thesaurus);

M is the metrics within the associative field;

AFA is the learner’s associative field (micro-
thesaurus);

PDC represents the distribution of correct answers;

PDA represents the probability distribution of the
answer choices of the learner.

Thus, the ontology model of the associative test in-
tegrates semantic units into a system, enabling the con-
struction of competency models and micro-thesauri for
a more comprehensive assessment of knowledge struc-
tures.

2.3. Micro-thesaurus Model for a Discipline
Narrow Aspect

The micro-thesaurus is represented as a set of rela-
tionships, each of which is defined as a matrix.

1. Thematic Aspects and Keywords Matrix (AKW)
This matrix contains the relative frequencies of key-
words (KW) across different text aspects. From this
matrix, weighting coefficients Yj; can be derived to de-
termine the significance of the i-th word in the j-th as-
pect:

n.
Yii = [1 __ljhij, (3)

where:

n; — the number of aspects in which the word w;
appears;

n — the total number of aspects.

The values of Yj , computed using equation (3),
serve as the basis for ranking KW sequences within

each aspect. An expert instructor can further adjust
these values within the range [0,1] during the test gener-
ation process using a weighting coefficient h;;.

2. The Auto-Association Map (Matrix KAA) con-
nects ranked KW through association coefficients wij,
derived using the following method. For language-
related disciplines, the two additional matrices de-
scribed in 3, 4 may also be included in the micro-
thesaurus.

3. Associative Relations Matrix (CR) is a variation
of AKW, where the columns contain words from the
text of the test task, the rows contain associates (or con-
notative equivalents) of these words (or their inverses),
depending on the test design. The list of associ-
ates/connotations may be restricted, depending on the
nature of the test task.

4. Synonymic or Homonymic Associative Rela-
tions Matrix (SHR) is structurally similar to CC, but
consists of columns, containing words from the test task
text, and rows with their synonyms or homonyms.
Again, the list of synonyms/homonyms may be restrict-
ed depending on the test design.

The proposed micro-thesaurus model for test items
allows the generation of WAT matrices across various
academic disciplines.

A micro-thesaurus model of the test-taker is con-
structed with the same structure, but its content is sub-
ject to verification. Appropriate evaluation metrics must
compare the test task micro-thesaurus and the learner’s
micro-thesaurus.

2.4. Method for Forming of Associative Test
Scores

The associative assessment method for evaluating
learning success is based on the following two key met-
rics:

— distance between matrices of associative relation
coefficients, measured using Euclidean distance or an-
other metric;

— cross-entropy measure, which quantifies the dis-
tance between the distribution of correct answers and
the responses of the test-taker.

To apply the cross-entropy measure, let P; (choice
probability) represent the likelihood that a test-taker A
will select action C; within the choice environment S:
Pi = P{G; | A, S}. This probability evolves over time as
the learner masters the discipline gets proficiency.

Let Ej; (effectiveness of an action) denote the
probability that a specific action C; will lead to a par-
ticular outcome O; in environment S if only chosen by a
test-taker A: Ej= P{O; | A>C;, S}.

Assuming that the a posteriori probability is equal
for all answers, we set pO=1/n. In this case, it results in
maximum entropy.
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If a real answer distribution is known to the in-
structor, then pi=1 in case of a single correct answer.
Alternatively, multiple nonzero probabilities may exist
whose sum equals 1.

Now, suppose the subject has their own probability
distribution regarding correct answers. In this case, we
apply the following cross-entropy criteria for knowledge
assessment:

H(P,Q) =) P(x)logQ(x), “4)

where P(x) represents the distribution of correct an-
swers, and Q(x) is the distribution of the test-taker’s
responses.

Alternatively, a probability space can be conceptu-
alized in which the correct answer and the test-taker’s
response are represented as points. The distance in this
space can also be used as a scoring measure. However,
this approach will be reserved for future research.

Let’s now consider the distance measurement
method between associative matrices and the score cal-
culation method. According to this method, the associa-
tive test result matrices are compared with reference
matrices based on different aspects of the test.

To construct these associative test matrices, we
employ the auto-association map (KAA), which was
first proposed in [17]. The KAA 1is generated as a sin-
gle-layer auto-associative perceptron, leveraging the
system's emergence property, in which a system exhibits
characteristics that are not inherent to its individual el-
ements. During analysis or recognition tasks, we com-
bine known features into a vector to obtain a system,
which elements are related in an unknown way, and
those relations need to be determined and used. In [17],
these notations: W= Wi |represents auto-
association matrix; X — a one-dimensional feature vec-
tor of size n. Then, Y=XTW is the linear representation
of vector X using matrix W. The values of vector Y are
calculated using the following formulas:

nxn

yj=F Zwijxi ) (5)
5
1
F(*) (6)

- 1+ Exp(—yS) ’

where:

S is the weighted sum from equation (5);

y is the steepness coefficient of the sigmoid function.
The (5) evidences, that the main diagonal of matrix W is
zero. The association coefficients a;; are computed using
the gradient method with the recursive formula [17]:

t+1

Wi = Wi+ axi(xi - yj), (N

1

where o is learning rate coefficient, satisfying O<a< 1.

Thus, the KAA algorithm for determining relation-
ships follows a standard gradient-based approach, with
the input vector X serving as the reference sample. This
results in a nonlinear representation of vector X that
does not use elements from the main diagonal.

In this case, a test-taker is presented with a task re-
quiring the generation of a ranked (descending) list of n
associative words in response to a given stimulus word,
which is one of the key terms of the topic. Let SL repre-
sent the learner’s response vector, containing the ranked
associative words in descending order based on their
perceived importance. Let RL be the reference vector,
which is also ranked in decreasing word importance
order. Each position in vectors SL and RL has its im-
portance coefficient ai, and these coefficients are pre-
computed and stored in array A with the elements ai.
The goal is to form a weight coefficient vector, WCA,
which will serve as an input to the KAA.

The Associative Test Scoring Method generally
contains the following stages:

Stage 1: Word matching. Each word w* from SL is
compared each word w® from RL to check for equiva-
lence, which can be evaluated as an exact match, syno-
nym, or semantically close word. Defining an equiva-
lence degree and a minimum threshold to ensure an ac-
ceptable minimum level of equivalence and filter out
weak associations is important. If an equivalent word
w=w'; is found in the RL, the position of such word w*;
in RL is recorded and matched with its corresponding
position in SL. Such alignment is aimed at transferring
of the weight coefficient a; to the appropriate position
of the score weight coefficients vector WCA.

Stage 2: Transferring Weight Coefficients. If a
word or its synonym from RL is confirmed, its weight
coefficient a; becomes known on the basis of its position
in SL vector. This value is transferred into the vector
WCA at the position corresponding to the confirmed
word in RL.

Stage 3: Filling the Weight Vector. Once the entire
SL vector is processed, any empty positions in WCA are
filled with zeros. At this stage, a rough distance score
Diis computed as the proportion of correct associations
(words) within SL vector.

Stage 4: Constructing two Associative Matrices.
The first MRL matrix is generated as the reference ma-
trix based on the RL reference vector. The second MSL
matrix is generated as the response matrix based on the
test-taker’s response vector SL. As a result, the matrices
weight coefficient space is obtained, where the associa-
tive distance D; is calculated, which measures the dif-
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ferences in micro-thesauri (cognitive structures) be-
tween the reference and the learner according to our
hypothesis.

To construct the input vector for KAA, the weights
of associative words are determined based on their rank-
ing. The rank of each word is divided by the total num-
ber of words in the associative vector. For this purpose,
the associative words yi are ordered by increasing their
importance. The higher the importance, the higher the
rank. The least important keyword has a low rank. In
our case, the stimulus word, as the most important term,
has the highest rank. Keywords (KW) with equal im-
portance receive the average rank of their positions.
This  vector of weight coefficients serves
as the input for constructing the KAA matrix.

The use of additional feature spaces, such as auto-
associative map coefficients, enables a more detailed
evaluation of the learner's associative connections in its
thematic micro-thesaurus.

Stage 5: Converting Distances into Final Scores.
The distance values D1 and D2 are transformed into a
score on a corresponding scale using the following for-
mula:

A=1- , (®)

max

where Dax is the maximum distance in the normalized
feature space.

If the test developer uses both D1 and D2, the fi-
nal weighted score for the i-th aspect of the learning
material is computed as follows:

N
A, =_leij(BA1j +(1-PA2), (9
j=
where:
wj is the weight coefficient defining the impact of
j-th test on i-th competency aspect;
B is a balancing factor between the A; and A
scores, allowing for adjustments in the test system.
Finally, the score can be converted into any nu-
merical or linguistic scale.

2.5. Frame-Based Model of Associative Testing

The goal of framing the test is to link each testing
activity with the assessment’s overall mission. The
frame-based knowledge representation model operates
at two abstraction levels. The lower level describes spe-
cific objects and classes, whereas the upper level de-
fines the concepts and situations that form the objects
and classes determined at the lower level. This structure
gives the frame-based model a network-hierarchical
structure, making it a more advanced semantic network

variant. Based on the concept of an associative field, our
model falls into this category.

The formal definition of a frame is as follows:

Definition 1. A frame is a set of pairs F={(s1, f1), .
.., (sn, fn)}, describing certain object or class F, where
si is i-th slot (terminal) of the frame, i = 1, n, and f; is its
filler.

Definition 2. A frame system is a connected di-
rected graph S=(Nod, Eqg), where Nod = {Fy, ..., Fy} is
the set of frames, escribing objects or classes Fi,..., Fy,
and E¢g = {Ry, . . ., R} is the set of edges representing
relationships between these frames.

Thus, the system properties of the knowledge rep-
resentation frame model align well with the associative
testing model described earlier. To illustrate this, we
construct a systematic frame model for a foreign lan-
guage testing procedure and name it TP (Testing Proce-
dure).

The system’s main frame is the General Compe-
tency Evaluation Frame

F = OA(IA, GCA, LCA, GrCA,RP), (10)
where:

IA is slot for integral assessment;

GCA is the slot for general competency evaluation
(associative chains for key terms);

LCA is the lexical competency evaluation slot;

GrCA is the slot for evaluating grammatical com-
petency;

RP represents the filling procedure for slots.

Therefore, the main frame is related to three sub-
frames, each of which is responsible for forming the
content of GCA, LCA, and GrCA slots, as follows:

— General Competency Frame GCA(A1, CT, SW,
CP1), where Al is integral score for this type of test;
KW is the reference to the key words table; SW is the
reference to the satellite words table; and CP1 repre-
sents the procedure for calculating the general lexical
competency score.

— Lexical Competency Frame LCA(A2, CT, CP2),
where A2 is integral score for this type of test; CT is
reference to the table containing test tasks correspond-
ing to the required level of complexity; and CP2 is the
procedure for calculating a particular lexical competen-
cy score.

— Grammatical Competency Frame GrCA(A3, LD,
LK, LS, CP3), where A3 is the integral score for this
type of test; LD is the reference to the table of tests on
denotation cases; LK is the reference to the table of tests
on connotation cases; LS is the reference to the table of
tests on synonymy and antonymic cases; and CP3 is the
procedure for computing the grammatical competency
score.

The described frames are supported by the compu-
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tational models outlined in the previous sections.

The frame-based model of associative testing pro-
cedures helps systematize the test structure, enabling
developers to understand the subject area more quickly
and to develop information and software solutions more
efficiently.

2.6. Test Formation Methodology

The methodology for test formation can be de-
scribed as a sequence of information processes within
the corresponding information technology framework.
First, we define the information units (entities) and tools
used in this technology.

The input entity is the «Text Corpus» from a par-
ticular academic discipline. Another entity, «Test Con-
straints and Parameters», defines additional parameters,
such as time limits, which will be applied during the test
construction process. The «Stop Words for Text Filter-
ing» entity consists of a set of stop words and symbols
required for text cleaning before further linguistic pro-
cessing.

An auxiliary tool used in the experiments is the
«Orange Data Mining» software [18]. It is employed for
text processing and for constructing a distance matrix
between keywords and satellite words, forming associa-
tive fields for each keyword. The output entity is the
«Test Record in the Database». Below, we describe the
information processes and explain their functions, de-
scribing what happens during each process execution.

Process IP1: Import and Initial Text Processing.
This process involves importing the text corpus into a
specialized schema and conducting initial processing by
removing frequently used words that do not contribute
to understanding the content. The output is processed
text that better represents semantic relations without
unnecessary elements. However, exceptions exist. For
example, certain tasks in English-language tests require
distracter words (options leading to the selection of a
deliberately incorrect answer in cases where the test-
taker’s proficiency level is lower than that of the refer-
ence level used for testing). Additionally, language tests
must contain 5-10% of words from a higher difficulty
level without affecting key test comprehension.

Process IP2: Extraction of Key and Satellite
Words. This step involves selecting key words based on
high frequency (or roundaboutations) or other criteria.
Additionally, the importance weight coefficients of key
words are determined using frequency-based weighting
methods. The output is a list of key words and their as-
sociated satellite words.

Process IP3: Calculating Distances Between Key
Words and Satellites. In this step, all words are pro-
cessed using Orange Data Mining, where each word is
represented as a parameter vector. The key advantage of

Orange is its graphical interface, which allows users to
drag and connect workflow blocks (widgets) for data
analysis. Additionally, Orange supports Python integra-
tion, enabling high-end users to customize and extend
the options used in this study. After processing, the co-
sine distance between the obtained vectors is calculated,
forming a matrix of normalized distances between key-
words and satellite words.

Processes 1P4 and IP5: Export and Import of the
Distance Matrix. These two steps involve exporting the
distance matrix obtained in IP3 into a text file and then
importing it into a test generation program.

A Python script was developed to streamline au-
tomation, process, and filter the distance matrix data.
Additionally, an expert evaluation of the generated word
collections is conducted, and the content is adjusted
based on expert insights.

Process IP6: Creation of Test Vectors. This pro-
cess generates and stores test vectors in a database for
further expert review. At this stage, educators may ad-
just the vector content based on expert insights.

Once the test is finalized, the «Test Execution»
procedure begins. During this phase, the test-taker
forms their association vector, which is then compared
to the reference vector to generate a test score based on
the similarity of associations.

3. Results and Discussion

Using the methodology described in the previous
section, we developed the experimental software that
enables the creation of associative tests and their use to
assess students’ competencies in specific academic dis-
ciplines.

We used the Moodle platform for comparison of
test results, which already contains tests for various ac-
ademic courses. We engaged our department lecturers to
act as experts to ensure objective and collective compe-
tency assessment.

The testing was conducted in two disciplines:
«Systems Modeling» (theoretical questions), and «Eng-
lish» (lexical level).

In the experiments, the length of the word-
association vectors was 8 words, including the stimulus
word. The examples of ranked word series included:
«Model, representation, modeling, research, cognition,
method, system, parameters»; «Mathematical model,
formalization, continuous, discrete, stochastic, static,
dynamic, simulationy.

As an example of the English language test, we se-
lected a fragment from Task 1 of the Unified Entrance
Examination for previous years [19].
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Example task. Read the text.

If your mom or dad brings you for an interview,
don’t bring them with you. Go by yourself. You speak
for yourself and connect with the interviewer without
someone else’s assistance.

Find the main idea of the abovementioned para-
graph, expressed with the headings A-H: A) Be Polite.
B) Be punctual. C) Be Prepared. D) Go on Your Own.
E) Dress appropriately. F) Know your schedule. G) Pre-
pare your questions. H) Consult your parents.

The anticipated correct answer is D) Go on Your
Own, as the paragraph contains the following phrases:
«don’t bring them in the interview room with you,
«yourself»y, and «without someone else’s assistance».
These expressions are associated with actions performed
independently. Among the answer options, a so-called
trap is designed to reveal a low level of language profi-
ciency: H) Consult Your Parents. This distracter is
based on the presence of the words «mom» and «dady,
which are commonly introduced at the early stages of
language learning and are strongly associated with the
concept of «parents».

For administration of the Word Association Test
(WAT), two stimulus aspects were selected: «Independ-
ence» (representing the idea behind the correct answer),
and «Parents» (representing the idea behind the incor-
rect answer).

These two words simultaneously serve as stimulus
terms. Primary associative sets of words were generated
for each stimulus.

— «without assistance, self-dependence,
confidence, self-confidence, mom, dad»;

— «mom, dad, assistance, support, dependence,
consult, fail, consequences».

The participants included 30 third-year students
(Systems Modeling) and 40 fourth-year students (Eng-
lish). The students also underwent oral interviews with
the instructors. Competency (theoretical or linguistic),
understood as the reflection of the students’ cognitive
structures in their responses, was assessed using a 10-
point scale. Importantly, the students were not informed
about the specific nature of Word Association Test
(WAT).

The results for all types of assessment in the «Sys-
tems Modeling» course are presented in Table 1. The
assessed topics (aspects) included «General questions
on modeling», «Mathematical models», «Simulation
models», «Random processes», «Queuing systems»,
«Experimental planning». Table 1 presents the average
scores across these aspects. Figure 2 illustrates the score
discrepancies in the form of a comparative diagram.

self-

Discrepancies
o
15
o

0.00

0,70 0.66

I I )
d12 di13 d23
Fig. 2. Discrepancies in the average scores

of the three types of technical discipline testing

The discrepancy between expert evaluations and
WAT-based assessments is 3 times smaller than that
between expert evaluations and standard test scores.
This indicates that for theoretical content, WAT more
accurately reflects the learner’s mental map and thus
provides a more cognitively valid assessment based on
Cross-Entropy Evaluation (CEE) criterion. Following
this, the students took the Word Association Test
(WAT). Finally, each student participated in an inter-
view with an expert group (Exp). The scores from each
testing stage were compared by calculating the absolute
differences between the corresponding assessments us-
ing the same approach as in the previous case. Com-
parative testing of fourth-year students in English was
conducted in several stages. Students initially completed
a standard test within the Moodle system. Then, they
underwent testing and evaluation.

The average values of these differences are denot-
ed as follows: d12 — the absolute difference between the
Moodle and CEE scores; d13 — the absolute difference
between the Moodle and WAT scores; d14 — the abso-
lute difference between the Moodle and Exp scores; d24
— the absolute difference between the CEE and Exp
scores; d34 — the absolute difference between the WAT
and Exp scores. Figure 3 illustrates these discrepancies.
The difference between Moodle and CEE results (d12)
is smaller than the differences between Moodle and
WAT (d13) and between Moodle and Exp (d14). This is
attributed to the higher cognitive complexity of the
WAT tasks for many students.

A relatively small discrepancy between Moodle
and CEE results was expected, as the difficulty levels of
Moodle and CEE test tasks were not significantly dif-
ferent. The comparatively large difference between CEE
and Exp results is again explained by the greater mental
complexity of the expert tasks. Notably, a relatively
small discrepancy exists between WAT and Exp results,
suggesting a close alignment between these two assess-
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ment methods. Therefore, we assert that the practical
equivalence between WAT and expert interviews has

been substantiated, particularly for evaluating students’
mental representation quality (i.e., mental maps).

Table 1
Results for all types of assessment in the «Systems Modeling»
Discrepancy Discrepancy mod- Discrepancy
No Moodle WAT Experts’ eval- | module between ule between module between
' test score | test score uation Moodle and Moodle and ex- WAT and ex-
WAT (d12) perts (d13) perts (d23)

1 7.4 7.1 6.9 0.3 0.5 0.2
2 8.2 7.5 7.2 0.7 1.0 0.3
3 6.7 6.2 6.3 0.5 0.4 0.1
4 6.4 6.0 5.7 0.4 0.7 0.3
5 7.8 7.0 7.5 0.8 0.3 0.5
6 5.5 5.0 5.2 0.5 0.3 0.2
7 8.1 7.0 6.8 1.1 1.3 0.2
8 7.7 7.0 7.2 0.7 0.5 0.2
9 9.4 9.1 9.0 0.3 0.4 0.1
10 7.0 6.6 6.3 0.4 0.7 0.3
11 6.3 6.0 6.4 0.3 0.1 0.4
12 10.0 9.0 9.2 1.0 1.0 0.2
13 8.2 7.9 7.7 0.3 0.5 0.2
14 4.8 3.5 3.7 1.3 1.1 0.2
15 9.4 9.1 9.0 0.3 0.4 0.1
16 6.9 6.6 6.5 0.3 0.4 0.1
17 10.0 9.2 9.0 0.8 1.0 0.2
18 7.4 7.0 7.2 0.4 0.3 0.0
19 6.9 6.0 6.2 0.9 0.7 0.2
20 5.6 4.4 4.3 1.2 1.3 0.1
21 8.7 8.3 8.4 0.4 0.3 0.1
22 74 6.3 6.5 1.1 0.9 0.2
23 8.1 7.4 7.7 0.7 0.4 0.3
24 9.2 8.5 8.7 0.7 0.5 0.2
25 4.4 3.0 3.2 14 1.2 0.2
26 6.6 6.2 6.3 0.4 0.3 0.1
27 8.8 7.6 7.4 1.2 1.4 0.2
28 9.7 9.0 9.2 0.7 0.5 0.2
29 4.2 3.1 3.8 1.1 0.4 0.7
30 7.7 6.8 6.4 0.9 1.3 0.4
Average 7.48 6.78 6.83 0.70 0.66 0.23

A review of the relevant literature indicates that to
date, efforts to integrate information technologies into
educational practices have paid limited attention to the
development of associative testing methods. In our
view, this represents a missed opportunity, as associa-
tive tests offer significant potential for improving the
adequacy and precision of assessments regarding stu-
dents’ cognitive structures within specific domains.
Consequently, we believe that our research has ad-
dressed this important gap. Enhancing the validity of
competence assessment is expected to lead to the identi-
fication of learning process deficiencies and, ultimately,
an increase in education effectiveness.

Regarding the results of the initial experiments,
several consistent patterns emerge regarding the con-

vergence and divergence of student performance across
different knowledge assessment formats. First, students
achieved higher scores during conventional testing. This
can be attributed to their familiarity with and adaptation
to traditional test formats. Additionally, the possibility
of guessing should not be overlooked, as each test item
typically involves a single-response action, increasing
the likelihood of a correct answer by chance. Second,
students experienced noticeable difficulties in construct-
ing a ranked list of associative items when subjected to
the novel conditions of associative testing. Even when
students recalled the correct associations, they often
struggled to arrange them in an order that aligned with
the conceptual framework of the instructor. However,
this outcome offers insights into the learner’s internal
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cognitive model’s adequacy and structure.

The obtained results allow us to make the main ef-
fect of the proposed approach. Associative testing
(WAT) provides higher adequacy in assessing learners’
cognitive structures than conventional testing methods.
This improvement is quantitatively confirmed by a re-
duced discrepancy between test results and expert eval-
uation, where d34 (WAT vs. Exp) is consistently lower
than d14 (Moodle vs. Exp) and d24 (CEE vs. Exp). This
indicates improved diagnostic accuracy and closer
alignment with expert judgment. Thus, WAT enables
automated assessment to approximate the level of expert
evaluation and reduces the inherent limitations of tradi-
tional testing formats. This result demonstrates the prac-
tical applicability of WAT as a reliable competence as-
sessment tool in educational environments.

Concerns may arise regarding the sustainability
and variability of test vectors over time, especially
across academic years. Nonetheless, this issue can be
readily addressed by modifying the roles of words with-
in the vectors and adjusting their positions and
weighting coefficients. Importantly, if the instructor
independently constructs associative vectors based on
their understanding of the associative field structure, the
diagnostic value of the test is not diminished. In con-
trast, the learner’s effort to align their cognitive model
with that of the instructor reflects the core pedagogical
objective.

A separate area for future research is the determi-
nation of the optimal associative vector length. Current-
ly, a fixed length of eight elements is employed. How-
ever, further investigation is needed to identify cases in
which longer or shorter vectors may be more appropri-
ate. This requirement is likely to vary depending on the
academic discipline and the subject matter.

Exploring the verification of grammatical associa-
tive links at the syntactic level is also essential. It is well
established that any sentence can be represented as a
syntactic dependency tree and as a matrix in which each
row and column corresponds to a word in the sentence.
The matrix cells contain symbols (e.g., numeric codes)
that denote the hierarchical relationships between
words. This area warrants further detailed investigation.

Finally, the proposed method for determining cog-
nitive structure (mental mapping) holds potential for
application in psychological and sociological research.

5. Conclusions

Assuming that the primary objective of education
is the refinement of the learner’s individual cognitive
structure in specific knowledge domains, we have de-
veloped a comprehensive set of models and methods
that support the implementation of an information tech-
nology framework for associative testing. Our research

indicates that a broader integration of associative testing
into the educational process may reveal new opportuni-
ties for identifying localized cognitive structures within
the minds of learners, particularly in relation to distinct
aspects of the subject matter being studied.

We have proposed a conceptual model of the prob-
lem domain of associative testing to systematically rep-
resent all dimensions of the testing process. This model
serves as a foundation for developing more detailed,
lower-level models. The associative test ontology has
been formalized, enabling the construction of compe-
tency models and domain-specific micro-thesauri. Fur-
thermore, a micro-thesaurus model tailored to narrow
disciplinary aspects was developed to facilitate the au-
tomated generation of associative test matrices across
various academic fields. This micro-thesaurus is de-
signed to reflect the hidden cognitive structure in matrix
form, specifically, the connections between individual
components represented as key associative terms.

We propose a novel method for evaluating associa-
tive test responses that differs from existing approaches
by introducing an additional feature space: a set of coef-
ficients derived from the auto-association map. This
enhancement enables a more granular assessment of the
coherence and completeness of associative links within
the learner’s thematic micro-thesaurus.

A frame-based model of the associative testing
procedure, which provides a systematic structure for test
administration, has also been introduced. This frame-
work facilitates software developers' work by clarifying
the domain structure, thereby accelerating the design of
the system’s informational and software components. A
methodology for test construction has been formulated,
which should be adhered to when designing tests for
any academic discipline. This methodology provides a
verbal description of the information technology sup-
porting the development and application of associative
testing and requires minimal use of web-based re-
sources.

The proposed methodology can be effectively ap-
plied in diverse educational contexts, including online
and hybrid learning environments, and can contribute to
a deeper understanding and assimilation of educational
content. The results confirm that associative testing pro-
vides higher agreement with expert evaluation than
conventional methods, highlighting its practical value
for improving competence assessment accuracy. More-
over, the associative approach to analyzing local cogni-
tive structures has potential application in psychological
and sociological research.
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MOJEJIBHE NOJAHHSA TEXHOJOI'TI ACOIIATUBHOI'O TECTYBAHHS 1S

ONIHKU KOT'HITUBHUX KOMIETEHTHOCTEM B OCBITI
ILlleguenko I.B. , Iloooyéen O.B., Amocoe B./I.

Ilpeomemom cmammi € po3pobka Memooonozii cmeopenns ma euxopucmanus acoyiamuenux mecmis (WAT) ona
nepesipku Komnemenmnocmeti 3 Hag4anbHux oucyuniin. Memoro pobomu ¢ cmgopenns meopemuyHux i MexHON02IUHUX 3ACa0
iHpopMayitinoi  cucmemu  AcOYiamueHO20 MeCmy6anHa, CHPAMOBAHOI Ha (YOpMy6anHs ymoe Ona Oilbul CIMPYKMYpHO
001pYHMOB8aH020 Ma OiA2HOCMUYHO YYMAUBO20 OYIHIOBAHHS MeopemuyHoi Komnemenmnocmi 3000ysayie oceimu. Li mecmu
nooyoosani 3 SUKOPUCIAHHAM ACOYIAMUBHUX NONIE Y BY3bKUX ACHEKMAax OUCYUNTIHU, WO O00360JSE€ BUIHAYAMU AKICMb
KOSHIMUGHUX CIPYKIMYP Y ceioomocmi 3000y6aua. 3a60anHsA nojsieac y po3pooyi KOMIIEKCHO20 HAbopy modenell i Memooie, wo
3a6e3neuyroms  MexHON02IUHI  3acadu nobyoosu ACOYIAMUSHUX mMeCmié [ BUSHAYAIOMb MemOOONOSIUHI  MeXauismu ix
3aCMOCYBAHHA 3 MENOI0 POZUIUPEHHA AHATIMUYHUX MOJICIUBOCHEN OYIHIOBAHHSA MeopemuyYHUX 3HaHb. Taki mecmu npusHaueHi
01 oyinloeanusa enubunu cgopmosanocmi Komnemenmuocmeil 3000y6a4ié 0ceimu @ OKpemux meopemuiHux KOMNOHeHMAX
oucyunuinu. Buxopucmani memoou eéxmouarome nioxio, AKUll 6USHAYAE 3a2AbHI 3AKOHOMIPHOCI ma 2inomesu, wo 1excams 6
ocHosi nobyoosu WAT, axi cmeopioromvca 018 nesHux memamuynux acnexkmis. Cucmemuuil aHaniz 3acmoco8aro 07
00CNiOXHCEHHA TIOKANbHUX KOSHIMUBHUX XAPAKMEPUCTUK 3000y6auie i (opmyeanHs Mikpomesaypycie, wjo 8ionogioaroms
oKkpemum acnexmam Oucyuniinu. Teopia @peiimié 3acmoco8yEMbCs AK CMPYKMYPHA OCHO8A O MOOENI08AHHA NpOyedypu
mecmyeanna. Ompumano maxi ocHosui pesynemamu. (1) pospobneno Komyenmyanvbny mooenb npobremnoi obaacmi
acoyiamueno20 Mecmy6anHs, AKA CUCIMEeMAMU3ye yci acnekmi npoyecy mecmysauus,; (2) cmeopeHo OHMON02IYHYy MOoOenb s
iHmeepayii ceMaHmMuyHux eleMeHmié Mmecmosux 3a60aHb Yy YinicHy cucmemy, (3) pospobaeno modenv Mikpomeszaypyca Os
NOOAHMS. OKpeMUX acnekmie OUCYUNiny, AKa 00360JA€ 2eHepyeamy MAmpuyi adcoyiamusHux mecmis 3 oucyuniinu 6y0b K020
HanpAMy Haeyawus, (4) 3anponoHo8aHo HOBULL MemoOONo2iuHUL NiOXi0 00 OYIHIOBAHHA pe3VIbmamie dAcoyiamueHo20
mecmysants, wo nepeobaiac SUKOPUCIIAHHA O000AMKO8020 HPOCMOPY O3HAK, CEHOPMOBAHO20 HA OCHOGI Koegiyicnmis
asmoacoyiamugHux kapm, axuii 3abesneuye popmanizosare i 6inbul Ougepenyiliosane anarimuyHe OYiHIOBAHHA ACOYIAMUBHUX
38’a3Kis; (3) po3pobieHo (hpelimosy modenb npoyedypu acoyiamusHO20 Mecmy8anHts, AKa CUCTIEMAMU3YE CIPYKMYPY Mecmo8ux
npoyedyp i 00360J€ NPOSPAMICMY-PO3POOHUKY WEUOKO ONAHYS8AmU npeomMemuy oonacmo, (6) ORUCAHO 3a2aNbHY MEMOOO0I02II0
KOHCMPYIOBAHHS. MeCmis, Wo RompeOye MIHIMATbHUX 6eO-pecypcie. 3anpononosanuil nioXio OeMOHCMPYE GUMIDIOSAHe
NOKPAWEHHsT A0eK8AMHOCMI  OYIHIOBAHHS, WO  8I00OPANCAEMbCL Y  3MEHUIeHHI  PO3OIJDICHOCME  MIJIC  pe3yibmamamu
aA6MOMamMu306aHO20 MECMy6anHs Ul eKcnepmHoio oyinkoio. 3okpema, oyinioganns na ocnosi WAT mecmie 3abe3neuye 3nauno
Onudcue HAONUICEHHA 00 eKCNEPMHO20 CYOXHCEHHS NOPIBHAHO 3 MPAOUYIUHUMU MEmOOAMU MeCmy8aHHs, Wo C8I0UUmb npo
BMEHULeHHSL CUCEeMAMUYHUX NOXUOOK OYIHIOBAHHS, NIOBUUWEHHS OiA2HOCMUYHOT MOYHOCMI Ul NIOSUWEHHS 30AMHOCTI MOYHIuLe
8i0oOpasicamu KoeHimueny cmpykmypy 3006yeaua. Bucnoexku. Haykosa nosusna 0ocniodceHHs nonseac y gopmanizayii ma
iHmezpayii KOMNIEKCHOI MemoO0I02IYHOT cucmemu acoyiamugHo20 mMecmy8aHHs, NPUOamHoi Ol 3aCMOCY8AHHA 8 OCGIMHIX |
00CHiOHUYbKUX Konmekcmax. Lla cucmema exniouae KoHyenmyanvhy mooeib npeomemuoi obnacmi, OHMONOLIUHY MOOeb
acoyiamueno2o mecmy, KA 36 A3Y€ CEMANMUYHI OOUHUYI MeCMOB8020 3A60AHHA 6 EOUHY CUCEMY, MOOelb MIKpome3aypyca 3
8Y3bK020 ACNEKMY OUCYUNIIHU, KA 8I000padCcac MEHMANbHy Kapmy 3000y6aud i 00360€ 2eHePY8aAmMU MAmMpuyi acoyiamueHux
mecmis. 3anponoHosaHull Memoo OYIHIOBAHHS ACOYIAMUGHUX GION0Gioell GiOpPI3HAECMbC 6i0 ICHYIOUUX NIOX00i8 MUM, WO
6600UMb HOBY Mempukxy y 6ueisadi koeghiyicumie kapmu asmoacoyiayiil, sxa 3abe3neyye hopmanizogare npeocmagieHHs
acoyiamuenoi y32000/ceHocmi, a He eMRIPUYHULL NOKA3HUK ycniwnocmi. Lle 0o36015¢ 6inbut 0emanbHo OYiHUmMu OOCKOHAICMb
acoyiamueHux 36 'sA3Ki6 y memamuiHomMy Mikpomesaypyci 3000ysaya 6 nopisHanui 3 mesaypycom suxiaoada. Dpetimosa mooens
000amKo80 NIOMPUMYE CMPYKMYPOBAHYy peanizayilo, a 3d2anibHa MemoooN02is BUSHAYEHHS KOSHIMUSHUX CIMPYKMYD
(MenmanvHux Kapm) Mae NOMeHyian 3aCmocy8ants 6 ncuxonozii ma coyionoeii. Ompumani pe3ynomamu niOmMeepodICyOmy, ujo
3anpPonoHO8aHUll NiOXi0 RNIOBUWYE HAOIUHICMb [ BANIOHICMb OYIHIOBAHHS KOMAEMEHMHOCMel WUIAXOM Ollbld  MiCHO20
V32000iCeHHs. A8MOMAMU308ANOT OYIHKU 3 eKCNEPMHUM CYONHCEHHIM.

KawuoBi cioBa: acoyiamuene mecmysanisi;, KOMIIEKC MOOeell, KOSHIMUGHA CMPYKMYypa, MIiKpome3aypyc,
dopmysanHs oyinoK,; mMemoouxa popmysanns mecmis.
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