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for making management decisions in all areas of activity. 
One of the most important sources of such information is 
questionnaires, which are widely used in commercial struc-
tures, as well as in education, marketing, sociology, and 
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The object of this study is the 
analysis of questionnaire data using 
ontological modeling. The task 
relates to the fact that conventional 
methods for processing questionnaire 
data are often insufficiently effective 
when working with large volumes of 
information and do not make it possible 
to automate many analysis processes.

As a result of the study, an 
ontology was designed that structures 
and analyzes questionnaire data, 
which allows for a more accurate 
identification of hidden relationships 
between variables. Using these 
theoretical provisions, an information 
system for assessing the quality of 
assimilation of preschool children's 
competencies was built. 150 children 
from various preschool organizations 
were involved in the study as 
respondents. The data integration 
method proposed in this paper 
significantly facilitated the process of 
data analysis both for a group and for 
an individual respondent.

The key difference of the proposed 
methodology is the automation of 
routine data analysis operations based 
on the ontological structure, which 
significantly simplifies the processing 
of large volumes of information. This 
makes it possible to solve the problem 
of limitations in conventional analysis 
methods and makes data analysis more 
scalable and reproducible.

The practical application of the 
results is possible in marketing for 
analyzing customer satisfaction, 
market segmentation, and evaluating 
the effectiveness of advertising 
campaigns. In the educational 
domain, the ontology could be used 
to evaluate the quality of programs 
and analyze respondents' opinions, 
and in sociology – to analyze public 
opinion and conduct research on social 
phenomena.

Thus, the proposed ontology 
provides an effective tool for analyzing 
large volumes of questionnaire data, 
allowing organizations to make more 
informed decisions and improve their 
efficiency
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1. Introduction 

The modern world is experiencing an era of digital 
transformation when information is becoming the basis 
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2. Literature review and problem statement

The rapid increase in interest in the development and 
application of new approaches to integrating disparate data 
for analysis and decision-making has led to the need to devise 
new approaches to data structuring. Thus, in [4], the authors 
propose a paradigm shift towards computational social sci-
ence in the context of big data. However, the results of the 
study reveal a certain conceptual approach, but the questions 
of using specific tools or models for structuring and automat-
ing the processing of questionnaire data remain open.

Work [5] emphasizes that data collected from question-
naires and other sources become a valuable asset for companies 
that can monetize this data by providing it for analysis and 
forecasting market trends. Such data could be used for financial 
gain and making strategic decisions based on market analysis 
and consumer preferences. However, the developed methods 
focus on the financial domain, creating a gap in application to 
other areas, including education and competency assessment. 
In [6], the problems associated with the implementation of 
data analytics in business processes, competencies in the an-
alytical field are considered. The experience in the context of 
questionnaire surveys is interesting, data analysis also becomes 
an important element for assessing the effectiveness of training 
programs, which is directly related to the level of assimilation of 
competencies. The authors note the lack of a clear understand-
ing of business values from data analysis and emphasize the 
positive impact of competencies in data analytics on business 
value. In the paper, however, they do not consider the practical 
implementation of the proposed conceptual approaches and the 
use of models and technologies to solve the issue of automating 
the processing of questionnaire data.

Study [7] examines the impact of changing the number 
of user segments on the process of data personalization in in-
formation systems. The study showed that the correct setting 
of hyperparameters makes it possible to improve the quality 
of analysis and more accurately predict user behavior. In the 
context of analyzing questionnaire data, these methods could 
be used for a more detailed assessment of the assimilation of 
competencies based on various characteristics of respondents. 
However, the study is limited by the use of only one approach 
to personification (algorithmically generated personas). This 
requires further investigation of other forms of personification 
and modeling of users, scenarios or user profiles, and their 
impact on hyperparameter settings. Although the results 
could be useful for assessing competencies, the study is limit-
ed to one approach to personalization and does not take into 
account the capabilities of ontological models. It is also im-
portant to note the works concerning ontologies and their role 
in data analysis. In [8], a model for joint analysis of personal 
data using ontologies and software systems is proposed, which 
makes it possible to better manage data and their privacy. 
This experience is useful because, despite the small size of the 
group of users recruited for the trial, a good mix of gender and 
age groups was achieved. Moreover, on average, users did not 
have a particularly high level of relevant technical knowledge. 
However, the small sample and limited technical knowledge of 
the participants limit the generalizability of the results. Study 
[9] considers an abstract model of the personal data lifecycle 
(APDL), which aims to support data management and track-
ing of personal information, as well as ensuring compliance 
with legal regulations. However, the model does not provide 
specific tools for automating the processing of questionnaire 
data using ontologies.

other fields. Effective processing of questionnaire data is 
critical to enable organizations to extract useful informa-
tion from this data, identify hidden patterns, and make 
informed decisions. However, conventional methods for 
analyzing questionnaire data are often ineffective. For 
example, computer surveys have shown that the percent-
age of missed responses was 1.7 %, compared to 3.3 % for 
paper surveys [1]. Mail questionnaires may receive a large 
number of responses, as evidenced by a study according 
to which 81 % of respondents recently responded to ques-
tionnaires [2]. Although questionnaires are a valuable tool, 
their effectiveness can be reduced by factors such as bias in 
the perception of questionnaires and respondent compre-
hension, which highlights the need for careful design and 
testing [3]. With a significant increase in the volume of 
data, the complexity of their processing increases, and the 
human factor can lead to interpretation errors. As a result, 
there is a need to devise new methods that would ensure 
the systematization, structuring, and automation of the 
analysis of questionnaire data.

As the volume of data grows, the complexity of its pro-
cessing increases, the probability of human errors increases, 
which significantly complicates the interpretation of results. 
This makes it relevant to implement new methods, such as 
the ontological approach, which make it possible to formalize 
knowledge about the subject area, automating data process-
ing, and increasing the accuracy of their analysis.

Ontologies are formalized structures that are used to 
represent and analyze knowledge in various subject areas. 
In the context of analyzing questionnaire data, the ontolog-
ical approach helps identify hidden relationships between 
variables, systematize data, and automate tasks such as 
classification and report generation. Ontologies make it pos-
sible to solve problems associated with processing complex 
multidimensional data that are difficult to analyze using 
conventional methods.

Despite the active development of business analytics 
systems, their integration with ontologies for automating 
data analysis remains a pressing issue. The introduction of 
ontologies into such systems can significantly increase the 
efficiency of data analysis, revealing hidden patterns, and 
ensuring the systematization of large volumes of informa-
tion. With the development of digital technologies and the 
increase in the amount of information, conventional methods 
for data analysis often prove ineffective. They require signif-
icant time and human resources, have a high error rate, and 
are limited in their ability to identify hidden relationships 
between data.

The use of ontological models makes it possible to solve 
these problems by providing a tool for structuring and sys-
tematizing data, automating the process of their processing, 
and increasing the accuracy and scalability of analysis. On-
tologies provide deep formalization of knowledge about the 
subject area and facilitate the identification of relationships 
between data, which makes the analysis more accurate and 
reproducible. This is especially important when making 
management decisions, which require working with large 
volumes of data and the need for prompt analysis to improve 
the efficiency of processes. In addition, automation of data 
analysis make it possible to significantly reduce time costs, 
minimize human errors, and increase the accuracy of fore-
casts, which makes the implementation of ontological models 
relevant for a wide range of practical tasks in various fields 
of activity.
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– to identify key relationships between variables that al-
low for a qualitative analysis of respondents’ questionnaires 
and the formation of a mathematical model of data ontology;

– to devise methods for analyzing the dynamics of assim-
ilation of respondents’ competencies based on questionnaire 
data, covering the initial, intermediate, and final stages of 
training;

– to determine algorithms for forming ontologies that 
will automate data processing processes and adapt to vari-
ous types of questionnaire surveys;

– to conduct an experimental test of the proposed model 
on real data and evaluate its efficiency, accuracy, and rele-
vance for processing questionnaire data.

4. The study materials and methods

The object of our study is questionnaire data obtained 
during a survey of preschoolers.

The subject of the study is the process of analyzing 
questionnaire data aimed at assessing the competencies of 
respondents at various stages of training using business ana-
lytics systems and ontological modeling.

As an example of the implementation of the proposed 
model, questionnaire data are used, which make it possible to 
demonstrate the effectiveness of the ontological approach for 
identifying hidden relationships and improving the accuracy 
of the analysis. The purpose of the surveys is to assess the 
quality of assimilation of competencies at various stages of 
training: initial, intermediate, and final. The main hypoth-
esis of the study assumes that the use of an ontological ap-
proach could enhance the accuracy of data analysis, improve 
data systematization, and automate the decision-making 
process based on questionnaire data. The questionnaire cov-
ers three key stages: initial, intermediate, and final, which 
make it possible to get a dynamic picture of changes in the 
level of knowledge of respondents in various competencies. 
Questionnaire questions are divided into three assessment 
levels: high, medium, and low, depending on the complexity 
and expected level of competence.

An ontological knowledge base was designed and used 
to store and analyze data, which structures information 
about competencies, survey results, and the dynamics 
of their change. Ontologies, unlike relational databas-
es, are used to create and manage knowledge about a 
subject area. In this paper, the ontology described the 
relationships between key concepts such as respondent, 
competency, training stages, and competency assessment. 
Business analytics systems integrated with the ontologi-
cal model were used as tools for data analysis, which made 
it possible to effectively analyze large volumes of data and 
track respondents’ progress:

1. Mathematical model of competency analysis.
To assess the dynamics of competencies acquisition, a 

mathematical model was built, which is based on the survey 
results, structured by complexity levels (high, medium, low) 
and stages (initial, intermediate, final). The model is a sys-
tem of equations, where the dynamics of change in the level 
of competence is described by the function C(t), where t is 
the time of passing the stages of the survey, and C is the level 
of competence. For each respondent, changes in competence 
indicators are calculated at each stage:

DС=Сfinal–Сinitial. (1)

To examine the gaps in the analysis of personal informatics, 
which is especially relevant in the context of analyzing ques-
tionnaire data, where flexibility in approaches to information 
processing is often required [10]. The authors identified the 
need to devise more flexible tools for the analysis of personal 
data, which would make it possible to take into account the 
diverse and dynamic needs of users. In the context of ques-
tionnaire data, this can be useful for designing more adaptable 
analysis systems that can respond to changes in responses and 
adjust conclusions based on them. However, specific solutions 
for the implementation of ontological models are not proposed.

In [11], the importance of a holistic approach to the 
design of business processes and data is discussed, empha-
sizing the complexity of their joint processing. In the field 
of questionnaire data, this approach could help optimize the 
processes of collecting and analyzing information, when it is 
necessary to simultaneously take into account various data 
flows coming from different sources. However, the issues of 
structuring questionnaire data using ontologies remain out-
side the scope of the study.

In [12], the Vadalog system for knowledge graph man-
agement, applicable in industry, is described. However, the 
application of this system to the analysis of questionnaire 
data is not considered. Study [13] discusses the importance 
of trust in managing big data chains and the need for effec-
tive governance mechanisms. However, the study does not 
consider ontological approaches to data structuring. The 
literature [14–17] form the basis for building mathematical 
models that facilitate understanding the processes of assim-
ilation of competencies and optimization of the information 
infrastructure of educational institutions. However, the use 
of ontologies for the automation of processing of question-
naire data is not studied in the cited papers.

Thus, our review reveals that most existing studies do 
not provide comprehensive solutions for automating the 
processing of questionnaire data using ontologies. The main 
shortcomings include:

– the lack of specific methods and tools for structuring 
and analyzing questionnaire data using ontologies;

– insufficient flexibility of existing data analysis systems 
to adapt to changes in respondents’ answers;

– limited research into the use of ontological models to 
automate and improve the accuracy of data analysis.

The task to devise an ontological model that automates 
the process of processing questionnaire data, structures key 
parameters and relationships, and improves the quality of 
analysis for various tasks, including assessing competencies 
at different stages, remains unresolved. The solution to this 
problem is relevant for improving decision-making processes 
based on questionnaire data and overcoming existing limita-
tions in the field of data analysis.

3. The aim and objectives of the study

The objective of our study is to construct a mathematical 
model of ontology for analyzing questionnaire data using 
business analytics systems aimed at improving the efficiency 
and accuracy of data analysis for assessing respondents’ com-
petencies at various stages of training.

To achieve the goal, the following tasks were set:
– to systematize existing approaches to analyzing ques-

tionnaire data and constructing ontologies to form a theoret-
ical basis for the study;
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This makes it possible to evaluate both the average in-
crease in the level of competence acquisition and deviations 
at intermediate stages.

2. Ontology formation algorithms.
The algorithm for preparing and analyzing questionnaire 

data included the following stages:
1. Defining the goals and objectives of the question-

naire – formulating the goals of assessing the level of compe-
tence for each stage.

2. Formulating questionnaire questions – the questions 
were devised taking into account the possibility of compar-
ing them at different stages (initial, intermediate, final). The 
questions were classified in the ontology, which simplified 
their further processing.

3. Building a data ontology – based on the key concepts 
of the questionnaire and their interrelations, an ontological 
model was built, which was used to group data into classes.

4. Determining the number of control sections – analyz-
ing data on control sections made it possible to identify the 
dynamics of competence acquisition among respondents at 
different stages.

5. Data analysis – statistical methods and machine 
learning (clustering, regression) were used to assess changes 
in the level of respondents’ competencies at each stage.

The use of classification algorithms allows for automatic 
updating of the ontology as new data is received, which 
makes it possible to promptly analyze changes in the level 
of assimilation of competencies. Clustering algorithms were 
used as classification methods, in particular the k-means 
method, which made it possible to identify incorrect ques-
tionnaires to clean up the quality of the data obtained, and 
to divide the questionnaire results into three main groups 
according to the level of knowledge acquisition.

3. Data analysis using business analytics systems.
Business analytics systems integrated with the ontological 

knowledge base were used for data analysis. Power BI was used 
as the main tool, which made it possible to effectively visualize 
the dynamics of assimilation of competencies by respondents 
at various stages of training. In addition to visualization, cor-
relation analysis methods were used to identify relationships 
between competencies at different stages.

The experimental part of the study was aimed at test-
ing the developed mathematical model and algorithms in 
practice. The real results of the survey conducted among 
respondents of educational organizations were used as initial 
data. The resulting data were structured in an ontological 
knowledge base and analyzed using business analytics tools. 
It was expected that the use of the ontological approach 
would significantly improve the accuracy of data analysis 
and automate the processing of questionnaire data.

5. Results of constructing an ontology for analyzing 
questionnaire data

5. 1. Systematization of existing approaches to ana-
lyzing questionnaire data

When analyzing questionnaire surveys that are extended 
in time and aimed at assessing the formation of competen-
cies, the effectiveness of methods largely depends on their 
ability to take into account the time dynamics, scalability, 

and accuracy of data analysis. The following methods were 
considered, which make it possible to work effectively under 
the listed conditions, taking into account their limitations:

1. Multivariate statistical analysis, which allows for 
the simultaneous consideration of several variables (ques-
tionnaire questions) and the assessment of their interrela-
tionships, which is especially important in the context of 
questionnaires aimed at assessing competencies and their 
interrelations with each other (for example, skills, knowl-
edge, abilities). This method works well with data collected 
at several stages (initial, intermediate, final) and make it 
possible to assess the dynamics of changes in competencies. 
In addition, it can be used to classify respondents by compe-
tency levels, identify hidden patterns, and analyze progress.

The limitation of this method is the need for a large vol-
ume of data to achieve statistical significance. In addition, 
the method does not make it possible to work with data that 
have complex or nonlinear dependences, which is typical for 
competency formation processes.

2. Factor analysis is used to reduce the number of vari-
ables and identify hidden factors that may influence the 
survey results. This method makes it possible to group sur-
vey questions by common factors, which helps more clearly 
define the key components of competencies. It is effective for 
analyzing complex data collected at various stages, making 
it possible to identify hidden relationships and reduce the 
number of variables, simplifying the interpretation of data. 
Factor analysis is useful for identifying key elements that 
influence the formation of competencies.

The limitation is the need to interpret factors, which 
can be subjective and vary depending on the researcher. In 
addition, the method is not always easily adapted to highly 
variable data at each stage of the survey.

3. Regression analysis is used to predict the values of 
the dependent variable (for example, the level of compe-
tence) based on independent variables (for example, survey 
results). It helps assess the influence of various factors on 
the formation of competencies. Regression analysis makes 
it possible to predict changes in competencies based on data 
collected at early stages and evaluate the effectiveness of the 
survey for each respondent. The method works well in long-
term questionnaire surveys, as it can take into account time 
changes and predict results at subsequent stages.

The limitations of the method include a strong depen-
dence on the quality of the data. With strong deviations or 
non-linear dependences between variables, the method can 
give distorted results since correct application requires the 
presence of a sufficient amount of data.

4. Clustering (e.g., k-means) makes it possible to group re-
spondents by similar characteristics, which makes it possible 
to assess which groups show similar results in the develop-
ment of competencies. The method works well with data col-
lected at different time stages, as it makes it possible to track 
progress in each group of respondents. The method makes it 
possible to identify groups of respondents who demonstrate 
similar dynamics in the development of competencies, which 
is useful for targeted assessment of their effectiveness.

The limitations of this method include inefficiency with 
highly heterogeneous data or when respondents have sig-
nificant individual differences that do not fit into simple 
clusters. The method also requires a predetermined number 
of clusters, which can limit its flexibility.

5. Ontological modeling makes it possible to formalize 
the structure of data and their relationships, which helps sys-
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tematize the process of analyzing questionnaire data and au-
tomate it. This method works effectively with large volumes 
of data collected at different time stages and makes it possi-
ble to automate the analysis process. Ontological modeling 
makes it possible to identify hidden dependences between 
variables, improves the reproducibility and flexibility of the 
analysis. The use of this approach makes it possible to track how 
different elements of the questionnaire (for example, questions 
or respondents) are related to the development of competencies. 
Ontology helps clearly formalize the structure of data and the 
relationships between them. This makes it possible to precisely 
define how the data will be classified, structured, and analyzed. 
Building ontologies makes it possible to automate many rou-
tine analysis tasks, such as classifying responses, identifying 
connections between respondents and their responses. This is 
especially important when working with large volumes of data. 
The ontological model can be expanded and adapted to various 
types of questionnaires, which allows for more flexible and 
scalable data analysis. By structuring data based on ontology, 
one can identify hidden dependences between variables, which 
helps in making more informed decisions.

The limitation of this method is that it requires signif-
icant resources and time, as well as specialized knowledge 
in the field of semantic modeling. In addition, the ontology 
needs to be constantly updated to account for all changes 
and features of the data.

When building ontologies for analyzing questionnaire 
data, it is important to consider the following aspects:

– identifying key concepts. For each type of question-
naire, it is necessary to identify the main concepts (e.g., 
respondent, question, answer, competence level). These con-
cepts form the basis of the ontology;

– defining relationships. After identifying concepts, it is 
necessary to determine their relationships. For example, a re-
spondent fills out a questionnaire, the questionnaire includes 
questions, the respondent’s answers assess their competencies;

– formalizing rules and restrictions. The ontology should 
include rules and restrictions describing possible values of 
variables, the relationships between them and permissible 
actions (e.g., the respondent’s age must be within the de-
scribed age group, the competence level can be “low”, “me-
dium” or “high”);

– selection of tools for building an ontology: various 
specialized languages and tools can be used to create ontol-
ogies, such as OWL (Web Ontology Language) and Protégé. 
These tools allow the ontology to be formalized and visual-
ized, ensuring its use in business analytics systems.

Ontologies can be integrated with BI systems to create 
powerful analytical tools. Integrating an ontology with a BI 
system makes it possible to automatically generate reports 
and visualize data based on structured domain knowledge.

An ontological model makes it possible to analyze data 
from different perspectives, compare results across multiple 
dimensions (e.g. age, gender, competency level), and identify 
complex dependences.

6. Limitations of existing methods:
– sensitivity to data quality. Many methods, such as re-

gression analysis and clustering, require high-quality source 
data. Gaps, outliers, or errors in the data can greatly affect 
the results and interpretation. This is especially important 
for long-term studies where changes in data format or incon-
sistencies between survey stages are possible;

– limited adaptability to changes over time. Some meth-
ods, such as conventional correlation analysis, are not adapt-

ed to take into account time dynamics, which reduces their 
effectiveness in analyzing data collected at several stages. 
These methods may miss important changes that occur be-
tween survey stages;

– difficulty in interpreting results. Methods such as factor 
analysis and clustering may produce results that are difficult to 
interpret, especially if there are complex nonlinear relationships 
between variables or significant heterogeneity in the data;

– dependence on data volume. Methods such as machine 
learning and time series analysis require large amounts of 
data to provide accurate and reliable results. Such methods 
may be less effective when the number of respondents is lim-
ited, or surveys are sparse at different stages.

For the analysis of questionnaire data collected at sever-
al time stages, the most effective methods are multivariate 
analysis, regression models, and ontological modeling, as 
they allow for the dynamics of competence development to 
be taken into account and provide flexibility of analysis. 
However, it is important to consider the limitations of each 
method, such as the requirement for high-quality data and 
the need for a sufficient sample size. Based on the above, we 
have chosen the ontological method of data analysis as the 
most optimal and easily scalable.

5. 2. Determining key relationships between variables 
and forming a data ontology

To form key relationships between variables, an onto-
logical model of information systems has been developed 
that describes the relationships of information objects that 
automate the organization’s activities. The formal ontology 
model is represented by a tuple:

O=⟨C,A,G,MA,MC,R,I⟩,    (3)
 

where C is a set of concepts;
A is a set of attributes of concepts;
G is a set of constraints imposed on attributes;
MA:A→G is a mapping that specifies constraints on at-

tributes;
R is a set of relations;
I is an interpretation function that maps each ontology 

concept to a set of elements of the object scheme of the infor-
mation system.

An information system using an ontology O is represent-
ed as:

UO=⟨O,U,MU,MR⟩,

where U is a set of elements of the object scheme of the infor-
mation system (IS);

MU:U→C is a mapping that maps an element of the object 
scheme to its concept;

MR:U×U→R is a mapping that defines the correspon-
dence between the links between the elements of the object 
scheme to their relations in the ontology.

For any element u∈U, the following condition is satisfied: 
{a:⟨a,d⟩∈u}=MC(MU(u)) that is, the set of attributes of an el-
ement of the object scheme corresponds to the attributes of its 
concept.

Sets of concepts, attributes, constraints (Table 1) and 
relations for the system for assessing the quality of assim-
ilation of competencies based on the proposed model with 
respondents and competencies, including 3 levels of assess-
ment (low, medium, high).
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The interpretation function I makes it possible to link 
concepts to specific objects in the database, which simplifies 
the data analysis process:

I(Respondent)→{Table «Respondents»,Field «Respon-
dent ID»,Field «Name»,Field «Age»,Field «Gender»,Field 
«Group»}.

Example of a database record:
Respondent ID: 1001
Name: Ivan Ivanov
Age: 21
Gender: Male
Group: Group 101.

I(Assessment)→{Table “Assessments”,Field “Assessment 
Level”,Field “Assessment Stage”,Field “Assessment Date”}.

Database entry:
Assessment Level: 2
Assessment Stage: Initial Stage
Assessment Date: 2024-09-01.

I(Questionnaire)→{Table «Questionnaire»,Field «Ques-
tionnaire ID»,Field «Questionnaire Name»,Field «Date of 
implementation»}.

Database entry:
Questionnaire ID: 301
Questionnaire Name: Assessment of first-year compe-

tencies
Date of implementation: 2024-09-01.

Attitude: is being surveyed:
– interpretation: THIS attitude describes the relationship 

between the respondent and the survey. The respondent is 
participating in a survey that evaluates his/her competencies;

– presentation of the interpretation:

𝐼(Taking_survey)→{Table “Respondents”, Table “Sur-
vey”, Field “Respondent ID”, Field “Survey ID”}

I(Taking_survey)→{Table “Respondents”,Table “Sur-
vey”,Field “Respondent ID”,Field “Survey ID”}.

Database entry:
Respondent ID: 1001
Survey ID: 301.

Relationship: assessed by competence:

– interpretation: this relationship describes the rela-
tionship between the respondent and his/her assessment of 
competence at a certain stage;

– presentation of the interpretation:

I(Assessed by competency)→{Table “Assess-
ments”,Table “Competencies”,Field “Respondent ID”,Field 
“Competency ID”,Field “Assessment Level”,Field “Assess-
ment Stage”}.

Database entry:
Respondent ID: 1001
Name of competency: Data Analysis
Assessment Level: 2 (Intermediate)
Assessment Stage: Initial.

The interpretation function makes it possible to link ab-
stract concepts such as respondent, competence, assessment, 
and questionnaire with specific objects in the information 
system database. This makes it possible to automate the pro-
cess of data analysis, storage, and subsequent interpretation 
to assess the acquisition of competencies at various stages. 
The ontological model provides a high degree of automa-
tion and structured data storage, which makes it possible 
not only to significantly speed up data processing but also 
improve the accuracy of competency analysis. The model is 
easily scalable and can be adapted to various types of ques-
tionnaire data and requirements for competency analysis, 
which expands its applicability and flexibility.

5. 3. Methods for analyzing the dynamics of assimi-
lation of respondents’ competencies based on question-
naire data

To implement the task of analyzing the dynamics of as-
similation of respondents’ competencies based on question-
naire data, a mathematical model is proposed that takes into 
account three key stages of training: initial, intermediate, 
and final. This model makes it possible to track changes 
in the level of respondents’ competencies and predict their 
progress. The proposed ontology should take into account 
three-level control (initial, intermediate, and final) and the 
dynamics of assimilation of respondents’ competencies based 
on questionnaire data. For each questionnaire i, a data set Xi 
is collected at each stage of analysis:

( )0
iX  – data at the initial stage (input slice);
( )1
iX  – data at the intermediate stage;

Table	1

Conceptualization	of	ontology

Concept (С) Attributes (А) Restrictions (G) Relations (R)

Respondent
Respondent ID, name, age,  

gender, group
Unique respondent ID,  

age >=4 and <7

A questionnaire is underway (connection with the concept 
of «Questionnaire»);  

evaluated according to competence (connection with the 
concept of «Competence»)

Competence
Competency name,  

competency description
The name of the  

competency is unique

Evaluated by the respondent at different stages (connec-
tion with the concept of «Assessment»);  

included in the questionnaire (connection with the con-
cept «Questionnaire»)

Survey
Questionnaire ID, questionnaire 

name, date of implementation
Date>current date

Includes competencies (link to the concept of «Com-
petence»); to be filled in by the respondent (link to the 

concept «Respondent»)

Evaluation

Assessment level (1 – low,  
2 – medium, 3 – high),  

assessment stage (initial,  
intermediate, final), Assessment date

The value of the  
assessment ∈{1, 2, 3},  

evaluation stage ∈{initial,  
intermediate, final}

Evaluates the respondent (connection with the concept 
«Respondent»);  

related to a competence (connection with the concept of 
«Competence»)
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( )2
iX  – data at the final stage.

To process data ( ) ,k
iX  where k∈{0,1,2}, they are classified 

according to the selected criteria.
To assess changes between slices, the difference ( )0 ,iX  

( )1 ,�iX  ( )2 .iX  between them is used. Difference in the values of 
responses i at the initial and intermediate stages:

( ) ( ) ( )0,1 1 0� .i i iX X X∆ = −    (4)

And between the intermediate and final stages:

( ) ( ) ( )1,2 2 1� .i i iX X X∆ = −    (5)

To analyze changes, one can use mathematical pro-
cessing ( ),� 1 ,k k

iX +∆  for example, through the construction of 
regression models or other methods for time series analysis.

Linear regression model for assessing the impact of ini-
tial competency indicators on the results of the final stage:

( ) ( ) ( )2 0 1
0 1 2i i i iX X X= β + β + β + ε     (6)

where β0, β1, β2 are regression coefficients (model parame-
ters showing how each stage affects the final result), εi is a 
random error.

Time series analysis for predicting respondent progress 
using indicators from previous stages. This method makes 
it possible to predict the value of competencies at the final 
stage based on data from the initial and intermediate stages.

The calculated values ,k
iX∆  for each respondent can be 

grouped by levels (low, medium, high), which makes it pos-
sible to classify respondents based on their progress. This 
classification helps identify the following.

High progress groups – respondents who demonstrate a 
stable increase in indicators.

Low progress groups – respondents whose level of com-
petencies remains unchanged or decreases.

In practice, this model can be used to assess the success 
of educational programs based on survey data. For example, 
data at each stage make it possible to identify key factors 
that contribute to the development of competencies and ad-
just programs to improve respondents’ performance.

5. 4. Algorithm for forming ontologies that make it 
possible to automate data processing processes

The algorithm for preparing and further analyzing data 
is shown in Fig. 1.

Stage 1 – defining the goals and objectives of the survey. 
The goals of the survey for each of the sections are specified. 
This may include assessing the level of knowledge or skills at 
each stage. Clearly formulating the goals makes it possible 
to determine which aspects will be reflected in the ontology. 
For example, if the goal is to assess respondents’ satisfaction 
with the educational process, the ontology will contain the 
entities: respondent, group, teacher, satisfaction, and their 
relationships.

Stage 2 – formulating questions. The questions in the 
survey should be developed so that they can be compared be-
tween stages (initial, intermediate, and final). The questions 
should be formulated in such a way as to reflect the aspects 
being studied as fully as possible. It is important to take into 
account the type of response (open, closed, Likert scale, etc.).

Stage 3 – defining key concepts and identifying class-
es. Each concept or response in the survey is classified to 
simplify further processing. At this stage, the main entities, 

and the relationships between them in the subject area are 
identified. For example, if we study respondent satisfaction, 
the key concepts may be respondent, group, teacher, task, 
assessment.

Stage 4 – identifying classes to form an ontology. Each 
key concept becomes a class in the ontology. Forming a 
primary set of concepts corresponding to questionnaire 
elements, on the basis of which the basic ontology is built.

Stage 5 – adjusting questionnaire questions and defining 
answer types. Sometimes, after identifying classes, it be-
comes clear that some questions need to be clarified or refor-
mulated. Answer types determine how the information will 
be presented in the ontology. If, at the stage of defining con-
trol slices, it is revealed that the questionnaire requires more 
detailed questions or other approaches to data collection 
(for example, different answer types for different groups of 
respondents), it is necessary to make changes to the wording 
of the questionnaire questions and revise the answer types.

Stage 6 – building a data ontology. It is used to group 
data into classes, which will facilitate further analysis. At 
this stage, a formal model is built representing knowledge 
about the subject area. Special languages are used to de-
scribe ontologies, such as OWL. The algorithm establishes 
links between concepts, such as “Respondent is taking a sur-
vey”, “Question is related to competence”, “Answer evaluates 
competence”. These links determine how the survey data 
should be organized and interpreted. Use of association rules 
and classification trees to automatically generate links based 
on the structure and logic of survey questions.

Stage 7 – Data analysis. Comparison of data at each 
stage, using statistical methods to identify significant chang-
es. Control sections make it possible to analyze data from 
different points of view. For example, one can analyze results 
by respondent groups and by task types. If difficulties arise 
with interpreting or structuring data during data analysis, 
this may indicate insufficient development of key concepts 
and relationships. In this case, one needs to return to the 
stage of defining key concepts to review and clarify them. 
If data analysis reveals problems with their structuring or 
insufficient flexibility of the ontological model, one needs to 
return to the stage of building the data ontology to review 
the classes and relationships between them.

The final stage 8 is decision making based on the iden-
tified changes. The model can be used to predict success or 
identify critical factors affecting the survey result.

Adaptation of the ontology to new types of questionnaires.
The proposed ontological model is flexible and adapted 

to different types of questionnaires. For this purpose, if new 
elements appear in the questionnaire structure (for example, 
new categories of questions or competencies), the model is 
updated taking into account the changes (Fig. 1). Changes 
in the data structure (for example, identifying new compe-
tencies or types of questions), which make it possible to dy-
namically adapt the ontology to new types of questionnaires, 
do not affect the ontology and the designed DB. The sim-
plicity and stability of DB has another advantage, making it 
possible to track changes made during the experiment. Since 
the experiment is extended in time, such indicators can ad-
just the parameters of the linear regression coefficients (6). 
For example, in the process of the experiment, new instruc-
tions came on the formation of competencies in respondents. 
The learning process is rebuilt, and surveys are introduced 
into the questionnaire, making it possible to understand the 
formation of new competencies.
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Next, there are two options for analyzing the level of 
competence development.

The first is to take the previous level of development of this 
competence as zero and not make any changes to DB. Then the 
dynamics of assimilation will be positive. To adjust the general 
indicators, we change the coefficients βi (formula (6)).

The second is to evaluate the level of participation of 
the “new” competence relative to those that were formed at 

the previous stage and derive a formula for its participation 
based on the competence formed. One can also use a linear 
regression model, but the number of variables in this case 
will depend on the number of competences formed (each 
with its own attention coefficient) at previous stages of 
training. After that, using R-procedures, we form additional 
records relative to the level of formation and save this value 
in DB. For example, if we have a new competence “ability 

Start

Defining the goals of the survey

Formation of survey questions

Defining key concepts and relationships in the field of 
questionnaire data

Identification of classes for the formation of ontologies

Adjusting questionnaire questions and determining 
response types

In the process of defining key concepts
and relationships, additional or refined characteristics

are identified that were not previously
taken into account

Building a data ontology

Data analysis

In the process of analysis, difficulties arise
with interpreting or structuring data

Data analysis revealed problems with
the data structure or insufficient flexibility

of the ontological model

Decision makingEnd

No

No

No

Yes

Yes

Yes

Fig.	1.	Algorithm	for	forming	a	questionnaire	and	analyzing	data
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to write Arabic numerals”, which was not tested in the pre-
vious stages – the competence to write numbers. However, 
the competences of drawing lines and other graphic objects 
were tested, the concept of “Number” was introduced, and 
the competence of addition was formed. Then, by placing 
weighting coefficients relative to the formed skills, we can 
obtain the initial value of the level of proficiency in the 
competence.

Description of the algorithm for constructing and pro-
cessing the results of questionnaires and investigations:

The set of all questionnaires as feature vectors:

X={X1,X2,…,Xn}.      (7)

For each slice:

( ) ( ) ( ) ( ){ }1 2� , , , ,�k k k k
nX X X X= …  { }0,1,2 .k∈    (8)

For each individual i, the comparison can be made ac-
cording to the formulas of change:

( ) ( ) ( )0,1 1 0� ,�i i iX X X∆ = −  ( ) ( ) ( )1,2 2 1� .i i iX X X∆ = −     (9)

For global analysis, we shall use:

( ) ( )

1

1
� ,

n
k k

i
i

X X
n =

= ∑      (10)

and calculate the difference between the average values for 
the groups:

( ) ( ) ( ), 1 1 .k k k kX X X+ +∆ = −      (11)

Let’s take a closer look at stage 6 of ontology construction:
1. Modeling competency levels.
For each individual i and for each competency 𝑗, at each 

stage k∈{0,1,2}, the competency level ( ) ,k
ijC  is estimated, which 

can take one of the following values:
– “Low” (L) will take the value 1 in the data table;
– “Medium” (M) will take the value 2 in the data table;
– “High” (H) will take the value 3 in the data table.
Thus, the value ( )

,
k

i jC  takes values from the set {1, 2, 3}.
2. Determining changes in competency levels.
Changes in the competency level between stages are esti-

mated by the difference in levels for each individual:

( ) ( ) ( )0,1 1 0
, , ,� ,�i j i j i jC C C∆ = −  ( ) ( ) ( )1,2 2 1

, , ,� .i j i j i jC C C∆ = −   (12)

If ( ), 1
, 0,k k

i jC +∆ >  this means an improvement in the level of 
competence at stage k+1.

If ( ), 1
, 0,k k

i jC +∆ <  this means a decrease in the level of com-
petence.

If ( ), 1
, 0,k k

i jC +∆ =  the level of competence has not changed.
3. Analysis of the dynamics in competence acquisition.
For each stage, the average value of the level of compe-

tence can be calculated for all individuals by competence:

( ) ( )
,

1

1
� ,

n
k k

j i j
i

C C
n =

= ∑    (13)

where n is the number of survey participants. This average 
value can be used to assess the overall level of competence 
acquisition at each stage. The change in the average compe-
tence level between stages:

( ) ( ) ( ),� 1 1 .k k k k
j j jC C C+ += −    (14)

This indicator is used to assess the overall progress or 
regression in learning for each competency.

4. Model of transitions between competency levels.
A function ( )( )k

iP X  is introduced – belonging of the 
answer i to a certain class (for example, people, professions, 
classes, etc., as shown in the first diagram).

To analyze the probability of transition between com-
petency levels, a Markov chain model could be used. The 
probability that an individual with a level ( )

,
k

i jC x= moves to 
a level ( )1

,
k

i jC y+ =  at the next stage:

( )( ) ( )1
, , ,\ .k k

i j i j i jP P C y C x+= = =     (15)

A transition matrix can be built for each stage. For exam-
ple, for the transition between the initial and intermediate 
stage (for one competence), the transition matrix will take 
the following form (Table 2).

Table	2

General	view	of	the	transition	matrix

– L (low) M (medium) H (high)

L PLL PLM PLH

M PML PMM PMH

H PHL PHM PHH

Note: Pxy is the probability of transition from level x to level y.

5. Evaluation of progress by competency groups.
For a general evaluation of competencies, an integral 

progress indicator can be calculated for each individual by 
summing up the changes in all competencies j:

( ) ( ), 1 , 1
,

1

,
m

k k k k
i i j

j

I C+ +

=

= ∑    (16)

m – number of competencies.
6. Global analysis by groups.
To analyze the overall dynamics, individuals can be 

grouped by levels at each stage and the proportion of respon-
dents with different levels can be compared:

( )
( ){ },: 1

,

k
i ji C

P L
n

=
=    (17)

( )
( ){ },: 2

,

k
i ji C

P M
n

=
=    (18)

( )
( ){ },: 3

.

k
i ji C

P H
n

=
=    (19)

Thus, it is possible to track the dynamics in the distri-
bution of levels in the group at each stage and use statistical 
methods to identify significant changes. Such a mathemati-
cal model makes it possible to track changes in competency 
levels, predicting transitions between levels and assessing 
the effectiveness of training at different stages. Thus, as a 
result of the study of respondents, measuring the level of 
formation of competencies, a significant saving of time re-
sources was noted. Considering that the study was conduct-
ed using the described ontological method of data analysis. 
It should be noted that the time spent on data collection 
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remained the same. For a more visual comparison of conven-
tional methods and the ontological approach, the following 
table can be proposed, the data in which are obtained based 
on the results of analysis (Table 3).

Table	3

Comparison	table	for	experimental	data

Indicator
Traditional analysis 

methods
Ontology approach

Time costs (per 100 
questionnaires)

20–30 hours
5–8 hours through 

automation

Accuracy of data 
analysis

75 % 92 %

Error in forecasts High (10–15 %) Low (3–5%)

Scalability
Limited by data 

volume
High

Complexity of  
relationship analysis

It is difficult to 
identify hidden 

relationships

Identifying complex 
relationships

It should also be noted that under the conditions of a 
dynamically changing environment, taking into account the 
extended time of the study, the ontological approach makes it 
possible to analyze research data not only in dynamics but also 
under the condition of changes in the learning environment.

5. 5. Implementation of the data processing model 
using ontologies

To track the dynamics in assimilation of competen-
cies by specific respondents based on the presented data 
ontology, a database can be used. The database contains 
information on each of the three assessment stages (initial, 
intermediate, and final) and the level of assimilation of com-
petencies (“high”, “medium”, “low”). Below is a step-by-step 
algorithm for tracking the dynamics of assimilation of com-
petencies using a relational database:

1. Structure of the database:

Table “People”
person_id: unique identifier of the individual.
name: name or other data of the individual.

Table «Competencies»
competency_id: unique identifier of the competency.
competency_name: name of the competency).

Table «Competency Assessments» (Competency_As-
sessments)

person_id: foreign key to the «Persons» table.
competency_id: foreign key to the «Competencies» table.
stage: assessment stage (values: «initial», «intermedi-

ate», «final»).
competency_level: level of competence acquisition (val-

ues: «1» – low, «2» – average, «3» – high).
assessment_date: assessment date (optional if assess-

ments were conducted on specific dates).

«other information» assumes that in addition to the basic 
information that will be used within the framework of this 
system, the tables may contain a number of additional infor-
mation that can be used in other studies or predictive models.

2. Query for tracking the dynamics in the respondent’s 
competencies.

In order to track the dynamics in the acquisition of a 
competence by a particular respondent, it is necessary to ob-
tain data on his/her level at each stage for each competence.

SQL query for one respondent for one competency
SELECT c.competency_name, ca.stage, ca.competen-

cy_level
FROM Competency_Assessments ca
JOIN Competencies c ON ca.competency_id = c.com-

petency_id
WHERE ca.person_id = :person_id
ORDER BY c.competency_id, ca.stage;

In this query: person_id is the identifier of the respon-
dent to be tracked. It will return a list of competencies and 
their levels at each stage for this respondent.

SQL query for dynamics for all respondent competencies.
To analyze the dynamics, one can use a query that will 

show changes in the level of competence from stage to stage:

SELECT c.competency_name,
SUM(CASE WHEN ca.stage = ‘Промежуточный’ 

THEN ca.competency_level - ca_init.competency_level 
ELSE 0 END) AS delta_initial_intermediate,

SUM(CASE WHEN ca.stage = ‘Итоговый’ THEN ca.
competency_level - ca_int.competency_level ELSE 0 END) 
AS delta_intermediate_final

FROM Competency_Assessments ca
JOIN Competencies c ON ca.competency_id = c.com-

petency_id
JOIN (SELECT competency_id, person_id, competen-

cy_level 
FROM Competency_Assessments WHERE stage = 

= ‘Начальный’) ca_init
ON ca.competency_id = ca_init.competency_id AND 

ca.person_id = ca_init.person_id
JOIN (SELECT competency_id, person_id, competen-

cy_level 
FROM Competency_Assessments WHERE stage = 

= ‘Промежуточный’) ca_int
ON ca.competency_id = ca_int.competency_id AND 

ca.person_id = ca_int.person_id
WHERE ca.person_id = :person_id
GROUP BY c.competency_name;

This query calculates the difference in competence lev-
els between the initial and intermediate stages, as well as 
between the intermediate and final stages for all respondent 
competencies.

This will help us understand how much the respondent’s 
competence level has improved or worsened at each stage.

3. Mathematical description of dynamics.
The following metrics can be used to analyze the dynam-

ics of competence acquisition:
– average increase in competence.
The average increase in the respondent’s competence for 

all competencies can be expressed as follows:

( ) ( )( )2 0
, ,

1

1
,

m

i i j i j
j

C C C
m =

∆ = −∑  
  (20)

where the total number of competencies ( )2
,i jC  is the level of 

competence j at the final stage; ( )0
,i jC  is the level of compe-

tence j at the initial stage.
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This indicator provides an overall assessment of how much 
the level of assimilation of all competencies has changed for a 
given respondent from the initial stage to the final stage:

– assessment of individual progress.
To analyze progress for each competence j for respondent 

i, a relative increase can be introduced:

( ) ( )

( )

2 0
, ,

, 0
,

�
,i j i j

i j

i j

C C
R

C

−
=

 
  (21)

where ( )( )k
iR X  – compliance of the answer with the criteria.

This value reflects how much the level of assimilation of 
a specific competency has increased (or decreased) relative 
to the initial level.

4. Conclusions and recommendations.
This model make it possible to track and analyze changes 

in competency levels at each stage.
Using SQL queries, one can extract data for a specific 

individual or for the entire group and conduct an analysis 
based on dynamics.

The mathematical description makes it possible to calculate 
the average changes in competency levels, which helps deter-
mine which competencies are being learned better or worse.

Such a model can be expanded using statistical analysis 
or machine learning methods to predict the dynamics of 
competency acquisition in the future.

To analyze the dynamics of competency acquisition based on 
the presented database and three assessment levels (initial, in-
termediate, final), one can use the following steps and methods:

Step 1: data preparation.
First, one needs to extract data from the database. This 

example uses a SQL query to retrieve information about the 
competencies assessed at different stages:

SELECT 
p.name AS person_name,
c.competency_name,
a.stage,
a.competency_level,
a.assessment_date
FROM 
Competency_Assessments a
JOIN 
People p ON a.person_id = p.person_id
JOIN 
Competencies c ON a.competency_id = c.competency_id
ORDER BY 
p.name, c.competency_name, a.stage;

Step 2: data analysis.
The following methods can be used to analyze the data:
– competency level comparison: compare the level of 

competency acquisition at the initial, intermediate, and 
final stages for each respondent. This will help identify the 
dynamics of changes in levels;

– visualization of changes: build graphs that show changes 
in competency acquisition levels. For example, line graphs can 
display changes by stage for each competency for each respon-
dent. Or, if a specific group is analyzed, the data for the group 
as a whole is visualized, calculating the average value (Fig. 2);

– statistical analysis: calculate the average competency 
levels for each stage. This will help determine how the over-
all group overcomes barriers to competency acquisition.

In the context of monitoring the development of IT 
competencies in preschool children, the use of business intel-
ligence systems (BIS) allows for a deeper understanding of 
the dynamics of knowledge and skills acquisition at various 
stages of the educational process. Below are the key aspects 
of data analysis at the initial, intermediate, and final stages 
and their significance in the context of the effectiveness of 
educational programs.

1. Initial monitoring (Fig. 2).
At the initial stage of monitoring, the goal is to establish 

the initial level of IT competencies in children. It is import-
ant to determine the basic knowledge and skills, which will 
make it possible to build individual educational plans and 
goals. At this stage, a limited number of criteria can be used, 
which is due to several factors:

– focus on basic skills: at the beginning of the process, it 
is enough to determine the basic skills and knowledge that 
will be developed in the future. An excess of criteria can 
complicate the initial analysis and complicate the develop-
ment of educational plans;
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Fig.	2.	An	example	of	data	representation	for	a	group	(initial	
monitoring):	a	–	average	data	by	criteria;	b –	general	

representation	of	the	level	of	development
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– simplification of analysis: a limited number of criteria 
simplifies the interpretation of data, which is especially im-
portant when working with preschool children, where the 
initial level of knowledge may be uneven.

2. Intermediate monitoring (Fig. 3).
Intermediate monitoring is used to assess progress in 

acquiring IT competencies and allows for adjustments to the 
educational process. It is important to use the same criteria 
as at the initial stage for several reasons:

– data comparability. Maintaining the same criteria 
at the intermediate stage ensures data consistency, which 
makes it possible to accurately track the dynamics of chang-
es in the acquisition of competencies;

– effectiveness assessment. Using identical criteria helps 
in assessing the effectiveness of educational methods and 
identifying areas for improvement. Intermediate analysis 
makes it possible to understand which aspects of the pro-
gram are working well and which require adjustments.

3. Final monitoring.
Final monitoring (Fig. 4) is aimed at assessing the final 

level of IT competencies after the completion of the educa-
tional process. It provides a complete picture of the results 
achieved and helps assess how successfully the program was 
implemented.

The results obtained during the testing of the ontological 
model for the analysis of questionnaire data showed its high 
efficiency in assessing the respondents’ competencies at var-
ious stages of training. The use of ontology made it possible 
to systematize and structure the data, which significantly 
increased the accuracy of the analysis. Significant changes 
in the levels of competencies were identified, especially at 
the intermediate and final stages. This allows for a more 
in-depth assessment of the respondents’ progress and conclu-
sions about the need to adjust educational programs. The use 
of the ontological model ensures automation of the analysis 
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process, which significantly reduces time costs and minimiz-
es errors associated with the human factor. This approach 
allows for a more accurate analysis of data, revealing hidden 
relationships and adapting the methodology to changing 
conditions.

6. Discussion of the results of using ontology for  
data analysis

Conventional methods for analyzing questionnaire data 
demonstrate their limitations in terms of scalability, auto-
mation, and accuracy. Research shows that when assessing 
the effectiveness of training programs and analyzing com-
petencies, conventional methods are not automated enough, 
which leads to an increase in time costs and a decrease in 
the accuracy of the analysis. The study showed that the use 
of an ontological model (3) for analyzing questionnaire data 
allows for the systematization and structuring of educational 
data, which significantly improves the process of processing 
and interpretation. The results of our study confirm that 
the proposed model ensures the automation of routine op-
erations, such as data classification, information search and 
report generation, which allows for efficient work with large 
volumes of data (Fig. 2–4).

Compared with conventional methods for analyzing 
questionnaire data, which require significant time and 
human resources for processing and interpretation, the 
proposed ontological model has a number of significant 
advantages:

1. Automation of the analysis process. Conventional 
methods require manual data processing, which increases 
the likelihood of errors and reduces the speed of analysis. 
The ontological approach makes it possible to automate a 
significant part of the process, including classification and 
analysis of data.

2. Flexibility and scalability. Unlike existing analogs, the 
proposed model is easily adapted to increasing data volumes 
and can be applied in various fields, such as education, mar-
keting, and sociology. This makes it possible to scale data 
analysis to new objects and organizations, which is difficult 
for conventional methods.

3. Accuracy of analysis. Unlike standard approaches, 
ontology makes it possible to take into account complex 
relationships between data, which significantly improves the 
quality of conclusions. This is especially important when an-
alyzing multidimensional data, where conventional methods 
may be insufficient.

This analysis reveals that conventional methods for an-
alyzing questionnaire data have the following limitations:

– high time costs and low automation, which reduces the 
overall efficiency of data processing; 

– limited flexibility in personalization and segmentation 
of data, which reduces the accuracy of results; 

– insufficient development of privacy and data manage-
ment issues in conventional approaches; 

– difficulties in scalability of methods with increasing 
data volumes.

Based on the above analysis, we can conclude that onto-
logical models provide more accurate, flexible, and automat-
ed solutions for analyzing questionnaire data, which reduces 
time costs and increases the accuracy of analysis. The onto-
logical approach copes better with data privacy issues, offer-
ing more reliable information protection mechanisms, which 

makes it preferable for use in areas requiring the processing 
of personal data. The introduction of ontological models 
for data analysis increases the flexibility and scalability of 
processes, which is especially important when analyzing 
large amounts of information and makes it possible to more 
accurately segment data for personalized analysis. Thus, the 
transition to an ontological approach could significantly im-
prove the process of analyzing questionnaire data, increasing 
its efficiency, accuracy, and adaptability to changing condi-
tions. This study solves the following problems of question-
naire data analysis:

1. Structuring and systematizing questionnaire data. 
The paper proposes a mathematical model of ontology (3), 
which formalizes the key parameters and relationships of 
questionnaire data (4). This made it possible to build a data 
structure that significantly improves the process of their 
analysis and makes it reproducible and scalable (6).

2. Automation of data processing. A clustering and 
classification algorithm (7) has been developed, which auto-
mates the update of the ontological database and allows for 
automatic distribution of questionnaire data into categories 
(8), (9). This speeds up the analysis process and increases 
the accuracy of data processing.

3. Analysis of the dynamics of assimilation of competen-
cies. The paper solves the problem of tracking the progress 
of respondents by competency levels using ontologies (12). 
The model makes it possible to analyze changes in compe-
tencies at different stages of training (initial, intermediate, 
final), which gives a more accurate picture of the dynamics 
of knowledge acquisition.

4. Improving the accuracy of data analysis. By using 
the ontological approach, the paper proposes more accurate 
methods for data analysis, which solves the problem of lim-
ited effectiveness of conventional questionnaire processing 
methods. The ontological structure makes it possible to 
reveal hidden relationships between variables and classify 
respondents more accurately.

Thus, the problem of insufficient efficiency of conven-
tional methods for analyzing questionnaire data, especially 
under conditions of working with large volumes of infor-
mation, makes it necessary to conduct applied research on 
the development and application of ontological models for 
the automation of these processes. Further research in this 
direction is of great practical importance for improving the 
processes of making management decisions in various fields 
of activity. The expected effect of achieving the goal of the 
study consists of the following aspects: 

1. Improving the accuracy of data analysis: the use of 
an ontological model will make it possible to structure the 
survey data, which will lead to a more accurate identification 
of hidden relationships between variables. This is especially 
important when working with large volumes of question-
naire data, where conventional analysis methods may miss 
significant correlations or lead to incorrect conclusions.

2. Automation of the analysis process (16). By imple-
menting an ontological approach, the study involves the 
automation of routine operations for processing question-
naire data, such as classifying responses, searching for 
information, and generating reports. This will significantly 
reduce time and human costs, increasing the productivity of 
analysis (Table 3).

3. Systematization of knowledge about the subject area: 
formalization of knowledge using ontologies will allow for 
a deeper understanding of the nature of the relationships 
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between the parameters assessed in the questionnaires. This 
will lead to the construction of a structured knowledge base 
that could be used not only for current analysis but also for 
further research.

4. Scalability and reproducibility of analysis: the de-
vised methodology will be easily scalable to process larger 
amounts of data, which will make it applicable in various 
contexts and will make it possible to analyze data from var-
ious sources. The reproducibility of results will also increase 
since formalized analysis models will ensure unambiguous 
interpretation of data.

5. Making informed management decisions: increased 
accuracy of data analysis and automation of the process will 
lead to the fact that organizations will be able to make more 
informed management decisions. This will allow them to 
respond more quickly to changes in data and improve the 
effectiveness of strategic planning, which is especially im-
portant in areas such as education, marketing, and sociology.

6. Evaluation of the dynamics of competencies (17) to 
(19): in educational organizations, the ontological model will 
help evaluate the development of respondents’ competencies 
at various stages of training. This will make it possible to 
more accurately monitor the progress of students and adjust 
educational programs in a timely manner to improve their 
effectiveness.

Ontology generation algorithms, such as the k-means 
clustering method, successfully automate the update of the 
ontology database as new questionnaires are received. This 
makes it possible for the ontology to quickly adapt to chang-
es in the data and automatically classify them, improving 
the analysis process. The results showed that the use of 
these algorithms significantly simplifies data processing and 
speeds up the analysis process, which is an important advan-
tage compared to existing approaches that require manual 
intervention and significant time costs for data processing.

In practice, the proposed model could be used in various 
fields:

– educational organizations can use the ontology to as-
sess students’ competencies at different stages of education. 
For example, educational institutions can use the model to 
monitor and adjust training programs based on question-
naire data, allowing them to more accurately assess the 
dynamics of student competency development and make 
changes to educational programs;

– marketing research can use the ontology to analyze 
customer satisfaction, market segmentation, and evaluate 
the effectiveness of advertising campaigns. In this case, the 
ontology makes it possible to automate the process of analyz-
ing customer surveys and identify hidden patterns that are 
difficult to detect with manual data processing;

– sociological research can use the ontological model to 
analyze public opinion, which will make it possible to struc-
ture the results of questionnaire surveys and automatically 
generate reports on various social groups.

In general, the results of our study make it possible to im-
prove the quality and accuracy of assessing the competencies 
of students; to provide a personalized approach to learning; 
to optimize educational processes.

The designed ontology and mathematical model provide 
a more accurate, scalable, and automated solution for ana-
lyzing questionnaire data. These methods allow for better 
systematization and formalization of data, which increases 
the accuracy of analysis and simplifies the processing of 
large volumes of information. Implementation of the pro-

posed solutions in educational and corporate systems can 
significantly increase the efficiency of questionnaire data 
processing and improve informed decision-making based on 
the results obtained.

Using the same criteria as in the previous stages has the 
following advantages:

– holistic assessment (20): using the same criteria allows 
for an objective assessment of the achieved level of knowl-
edge and skills, which is critical for analyzing the overall 
success of the program;

– identifying trends: comparing the final data with the 
initial and intermediate levels makes it possible to identify 
long-term trends and determine how successfully the educa-
tional goals were achieved.

Conclusions from data analysis.
Analysis of the dynamics of assimilation of IT competen-

cies in preschool children makes it possible to draw several 
key conclusions (21):

– individual differences: initial monitoring can reveal 
significant differences in the initial levels of knowledge of 
children. This makes it possible to adapt educational pro-
grams to individual needs;

– progress assessment: midterm analysis helps assess 
how effectively children are progressing in mastering com-
petencies and make the necessary adjustments to the educa-
tional process.

The use of business analytics systems in this context 
makes it possible to systematize and structure data, which 
contributes to a more in-depth and objective assessment 
of educational programs. The consistency of criteria at all 
stages of monitoring ensures the accuracy of the analysis and 
helps in developing more effective educational strategies for 
preschool children.

The results of our study related to the construction of an 
ontology for analyzing data from corporate information sys-
tems (CIS) in educational activities demonstrate significant 
opportunities for systematizing and analyzing educational 
data, which is explained by the effective structuring of key 
objects, attributes, and their relationships (Fig. 1). The pro-
posed model makes it possible to systematize educational 
data, optimize the process of creating questionnaires for 
testing individual mastery of competencies, and take into 
account three levels of data analysis. This structure simpli-
fies the processes of data processing and analysis due to the 
formalized approach to the construction of ontology.

A distinctive feature of the proposed approach is a high 
degree of detailing of the evaluation criteria when con-
structing and analyzing the results. The proposed ontology 
could be easily expanded and adapted for any enterprise by 
detailing the research data. The key feature of the method 
is the use of ontology for formalizing and structuring ques-
tionnaire data. This allows for more accurate modeling of 
the subject area and taking into account the relationships 
between various parameters, which ensures high accuracy 
of the analysis. Unlike conventional methods, the proposed 
method not only processes data but also structures them 
in the form of a formalized model that allows for automatic 
analysis and adaptation to changes in the data. The con-
structed mathematical model of the ontology (3) makes it 
possible to create a clear data structure and formalize the 
relationships between the key parameters of the question-
naire. This improves the quality of the analysis due to a more 
detailed representation of the data, which distinguishes this 
method from classical approaches. Such a model allows for 
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taking into account complex relationships that are often 
ignored in other analysis methods, which leads to increased 
accuracy of conclusions. However, like any other solution, 
our ontology has its limitations. The approach described in 
the paper makes it possible to evaluate the formation of com-
petencies for a specific respondent. The proposed methods 
for data storage and processing are focused on the fact that 
the data is stored in a specific database and compared with 
previous results. If anonymous analysis of questionnaires 
is required, this approach will not work. Compared with 
existing approaches, such as conventional methods for com-
petency assessment, the proposed ontology provides more 
accurate modeling of the subject area and make it possible 
to take into account complex relationships between various 
parameters, which is confirmed by the findings reported 
in [6, 7, 9], in which data analysis is carried out through 
structuring their various sources. Unlike these methods, the 
proposed approach not only systematizes the data but also 
automates their processing, which makes it possible to adapt 
to changes in the data. The use of such a model increases 
the accuracy of the analysis, which was also noted in works 
related to the implementation of ontologies in the digital 
transformation of business [8].

The disadvantages of the study include the lack of 
integration with data on external factors affecting the 
educational process, such as the lack of data on additional 
development programs in which the respondent may partici-
pate. This disadvantage can be eliminated by expanding the 
database and applying models that take into account exter-
nal parameters, which is also noted in study [12], in which 
extended graph models are used for data management.

Possible development of this study may include expand-
ing the capabilities of the ontology by integrating data on 
the academic performance of respondents and their activities 
outside the core curriculum, which will allow for a deeper 
analysis of the long-term effects of educational programs. 
This will require solving the problems of standardizing het-
erogeneous data and ensuring their confidentiality, which 
was also emphasized in work [14], in which data protection 
issues were considered in the context of big data. One of 
the methodological difficulties may be ensuring the adapt-
ability of the system to changes in the structure and format 
of incoming data, which will require further experimental 
testing and optimization of the model.

Further development of the study may include expand-
ing the capabilities of the ontology by integrating data on 
respondents’ academic performance in the learning process. 
This will make it possible to analyze the effectiveness of 
educational programs in terms of their long-term impact 
on the formation of IT competencies. A special feature of 
the method is its integration with business analytics sys-
tems, which makes it possible to expand the capabilities of 
data analysis and automate a number of routine operations. 
The use of such systems makes it possible to apply machine 
learning methods and analytical models to identify hidden 
patterns, which improves the quality and relevance of the 
results obtained.

7. Conclusions 

1. As a result of our systematization of existing meth-
ods for processing questionnaire data and approaches to 
creating ontologies, key trends and problems in the field 

of automation of data processing have been identified. The 
systematization makes it possible to generalize and analyze 
various approaches used for structuring data, which led to 
the following:

– definition of key parameters and relationships: it was 
found that successful automation of processing question-
naire data requires the development of clear relationships be-
tween the main parameters of the data, such as respondents’ 
competencies and the stages of their assessment. This made 
it possible to develop an ontological structure that provides 
precise formalization of these relationships;

– advantages of the ontological approach: comparison of 
conventional methods with the ontological approach showed 
that the ontological model significantly increases the accu-
racy and efficiency of data analysis. It automates the process 
of classifying questionnaire data and simplifies their inter-
pretation, which leads to improved accuracy of results and 
reproducibility of the analysis;

– scalability of analysis: the ontological model demonstrat-
ed high flexibility in working with large volumes of data, which 
is especially important when increasing the volume of question-
naires. This has been identified as one of the key advantages of 
the ontological approach, which is better able to adapt to new 
conditions compared to conventional analysis methods.

During the study, a detailed systematization of exist-
ing methods for analyzing questionnaire data was carried 
out, such as descriptive and correlation analysis, regression 
methods, clustering, and other approaches. Particular atten-
tion was paid to the ontological approach, which makes it 
possible to structure and automate the data analysis process. 
This systematization provided a theoretical basis for further 
development of the model.

2. The relationships between key parameters, criteria, 
and results of the questionnaire data analysis have been 
identified. Three assessment levels (high, medium, low) 
were identified for each stage of the survey (initial, interme-
diate, final), which allow for clear tracking of the dynamics 
of changes in respondents’ competencies. Based on this, it 
can be considered reasonable that the developed model is a 
system of equations describing changes in the level of compe-
tencies over time and allows for a quantitative assessment of 
knowledge gains and deviations at different stages.

An important feature of such a model is its ability to 
take into account complex relationships between survey pa-
rameters, which significantly increases the accuracy of data 
analysis. Compared with conventional methods, the model 
provides deeper systematization and automation of data pro-
cessing, which improves their reproducibility and scalability.

3. Based on the proposed data analysis methods, graph-
ical representations of the acquisition of competencies were 
obtained, both in terms of the group and for a specific re-
spondent. In general, for the group, it can be concluded that 
the used methodology for the formation of IT competencies 
of preschool children is effective. However, there are still 
a number of respondents with a low level of formed com-
petence. For further analysis, it is necessary to review the 
individual cards of respondents with a low level of forced 
competence. Depending on the goals of the organization, 
various decisions can be made, for example, if it is necessary 
to completely exclude the number of respondents with a low 
level of competence development – apply individual training 
or change the formation methodology.

4. The developed algorithm for the formation and anal-
ysis of questionnaire data includes several key stages, which 
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ensures its uniqueness and high efficiency. The main stages 
of the algorithm:

– defining the goals and objectives of the survey: at this 
stage, the objectives of the study are specified, which allows 
for the correct structuring of the data and the laying of 
the foundation for their further analysis. This helps set the 
correct parameters for data classification and to form key 
concepts for the ontology;

– formulating survey questions: questions are com-
posed in such a way that they can be compared between 
different stages of the survey (initial, intermediate, final). 
This ensures the comparability of results at all stages of 
the study and sets precise parameters for automatic data 
processing;

– data classification and structuring: all collected data 
is classified based on the key concepts identified during the 
formation of the ontology. This step ensures flexibility of 
analysis and reduces labor costs for manual data processing;

– automation of processing: an important feature of the 
algorithm is its ability to automatically update the ontological 
base as new data is received. This simplifies working with large 
volumes of information and speeds up the analysis process;

– analysis of changes and decision-making: during the 
analysis, the algorithm identifies changes in the level of re-
spondents’ competencies at each stage of the survey, which 
allows for prompt adjustment of educational programs or 
other research parameters based on the results obtained.

5. Our testing of the devised ontological model based on 
real data obtained from educational institutions showed its 
high efficiency compared to conventional analysis methods. 
The use of ontology made it possible to systematize the data 
and identify key changes in the dynamics of assimilation of 
competencies at various stages of training (initial, intermedi-
ate, and final stages). The model effectively tracked dynamics 
in the formation of competencies and identified respondents 
with a low level of knowledge acquisition, which made it pos-
sible to adapt educational programs to eliminate these gaps. 
The results showed that the automation of data analysis using 
an ontological model can significantly reduce the time spent 
on data processing. While conventional methods for process-
ing 100 questionnaires required 20–30 hours, our ontological 
approach reduced this time to 5–8 hours. At the same time, 
the accuracy of the analysis increased to 92 %, while con-
ventional methods gave an accuracy of about 75 %. The error 
in forecasts also decreased from 10–15 % to 3–5 %. These 

results demonstrate that the use of an ontological model not 
only increases the efficiency of data analysis but also makes 
the process more accurate and reproducible, especially when 
working with large volumes of information. Consequently, 
the developed ontology and algorithms can be used in ed-
ucational organizations to assess students’ competencies, 
in marketing research to analyze consumer demand, and in 
sociological research to analyze public opinion. However, 
the study has limitations associated with the need for con-
stant data updating and possible difficulties in applying the 
ontology in organizations with low technological infrastruc-
ture. The model built can be successfully integrated with a 
business analytics system, which will allow for effective data 
visualization and generating reports based on survey results. 
This will significantly improve the decision-making process 
since it has become possible to quickly analyze the dynamics 
of competencies acquisition and evaluate the effectiveness of 
educational programs based on real data.
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