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4 Daniela Orozova

INTRODUCTION

1. Data science in Learning

Virtual educational spaces [3] are informational and social spaces that integrate heterogeneous
technologies and different pedagogical approaches. They are a medium for delivering learning materials
and educational services to different target groups, regardless of time and space. The data accumulated by
the work of the educational space is constantly increasing. Many countries and universities around the
world are building infrastructures to analyze this data. Siemens & Long [90] define Data analytics in
Education as "the measurement, collection, analysis and reporting of data about learners and their
contexts in order to understand and optimize learning and the environment in which it occurs." Chatti [23]
defines the purposes of this analysis such as: monitoring, prediction, individualization, intervention in the
learning process, evaluation and recommendations of the learner.

The terms Big Data, Data Analytics and Data Mining describe both the data itself and the
technologies for data collection, processing, management and analysis methods [24] . Data Mining is the
process of searching for hidden data and regularities, previously unknown, non-trivial and practically
useful, necessary for making decisions in various spheres of human activities. Big Data Analytics is a
development of the Data Mining concept . It is also a development of solved tasks, fields of application,
data sources, processing methods and technologies. In 1998, Hayashi Chikio [44] introduced the term
Data science as a new, interdisciplinary concept, with three aspects: data design, collection and analysis .
Data science combines multiple approaches and techniques related to data analysis, knowledge discovery,
machine learning, artificial intelligence, programming, communication, etc. Data science is an "alloy" of
various disciplines, technologies and tools for data analysis and is the main means of discovering and
exploiting the potential of Big Data [26].

The term "Data analysis" refers to the processing of data through conventional (classical
statistical, empirical or logical) theories, technologies and tools to extract useful information and for
practical purposes. The term "Data analytics", on the other hand, refers to the theories, technologies, tools
and processes that enable a deep understanding of the studied data [21].

Data collection for learning analysis refers to the entire process and includes all data obtained
during learning activities. These are many and varied types of data. The international standardization
organization, IMG Global Learning Consortium (IMG Global) classifies the data that can be collected and
analyzed in the field of education into five types: learning content data; data on the educational activity;
operational data; data related to career development; learner profile data. This is a prerequisite for the
emergence of Learning Analytics [23], a new branch of data analysis that includes goals and methods
drawn from educational and psychological research.

In 2009, Avinash Kaushik published the book "Web Analytics 2.0", in which he defined Digital
Analytics as " the continuous analysis of quantitative and qualitative data from the web space to improve
the online experience of potential customers and thus lead to the desired results". [S1] An approach of
dividing the data into different principles has been introduced, which gives them a specific meaning. The
entry and popularization of social networks marks the beginning of modern social analysis Social
Analytics, defined as "observation, analysis, measurement and interpretation of digital interactions and
relationships of people, topics, ideas and content" [92]. This analysis examines the role of social
interactions in the learning process and their impact on learner progress.

Educational Data Mining is defined as "the discipline concerned with developing methods for
examining the unique and increasingly large-scale data that come from educational environments and
using those methods to better understand of learners and the environment in which they learn" [47].
Integrating the means of extracting knowledge from data in educational environments, trends in the
development of e-learning processes and its service can be sought. Following the process of selection and
use of different means, optimal learning environments can be built with opportunities for personalized
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Application of data science in the virtual educational space 5

mastery of key knowledge, skills and competencies. They can predict the potential loss of learners,
determine which activities will be preferred and how effective they will be. New information technologies
contribute to research, analysis and development of learning environments by monitoring and measuring
various aspects of the virtual and physical environment in which learning takes place.

2. Purpose and tasks of the dissertation work

The purpose of the research is theoretical summaries of the processes of observation and analysis
of data from the dynamic interaction of objects and the creation of methods and models for solving
scientific or applied scientific problems in the virtual educational space.

To achieve the goal, the following four tasks are set:

* Analysis of the application of tools for extracting knowledge from the data in the learning spaces
and search for solutions for the personalization of e-Learning and distance learning.

* Creation of methods for evaluating and predicting the knowledge, skills and competences of
learners in the virtual educational space.

* Creation of models, as a result of theoretical summaries of the processes of observation and
analysis of the activities of learners related to Big Data Analytics, Data Mining, Web metrics,
Generalized net, Machine Learning and Fuzzy logic.

* Introduction of basic modules and tools of Data Science for solutions of applied scientific
problems in education.

The dissertation on "Application of data science in the virtual educational space" includes 49
figures, the bibliography covers 220 sources, of which 197 are in English.

The text is organized into an introduction, five chapters and a conclusion. The introduction
provides an overview of the main concepts of the researched area. The purpose of the dissertation work
and the tasks related to its achievement are defined. The first chapter examines the field of virtual
educational space, the main characteristics and possibilities of this type of infrastructure and the
motivation for the conducted research work. The second chapter presents the status, proposed solutions,
general characteristics and opportunities for the integration of means and tools to the virtual educational
space. In the third chapter, methods and techniques are proposed for modeling the processes in the
educational space, with the application of data mining tools in an educational context (Educational Data
Mining). The fourth chapter examines work processes in the virtual educational space and their formal
models via Generalized nets. The fifth chapter presents practices and trends in the entry of Data Science
into higher education. The conclusion summarizes the results and gives directions for further research on
the topic of the dissertation work. Attached are: Declaration of originality of results, Contributions of the
dissertation, List of publications on the topic of the dissertation.
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6 Daniela Orozova

CHAPTER 1. VIRTUAL EDUCATIONAL SPACE

1.1. Data architecture of a virtual educational space

Examining the architecture of a virtual educational space from a data perspective, emphasis is placed
on the various levels of data representation and associated mechanisms for data collection and analysis,
for information extraction and prediction of environment and learner behavior. Figure 1 summarizes four
basic levels of data representation, but other levels may be considered depending on the storage and

access criteria applied.
Data application level
Classification, Clustering, Machine
Learning, Data Analysis, etc.
Data Science J

Data extraction level

Intelligent agents, IoT, Cloud

computing, Semantic approaches

J

Processes of analytical data processing

data extraction

Level of data in repositories

Data Sources and Data Extractors /

Virtual Educational Space and Physical World

Social Networks, etc.

[ Sensor Network, Databases, Data from

Cyber-Physical Social Educational Space

Figure 1. Functional levels in the virtual educational space

First level. Data from the virtual educational space and the physical world. The sources cover a
wide field, combining data obtained from sensor sensors, data from social networks, a database of the
field of learning and many others.

Second level. Data repositories. This level provides data about the state of the physical world
transferred to the virtual environment of space. It includes the use of technologies for data collection,
storage, processing and analysis tools.

Third level. Repositories with analytic subspaces of the data. Data in virtual learning spaces can be
viewed from different perspectives and subjected to different types of analysis. Fourth level. Building
applications. The application layer provides users with a set of tools and interfaces for managing,
processing and visualizing data from previous layers.

New technologies for working with big data and the technical power of modern computers create
an opportunity for innovative applications based on the integration of heterogeneous data.
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1. 2. Virtual educational space and the concept the concept Internet of things

The concept of the Internet of Things defines the devices or objects (things) constituting an
ecosystem that they inhabit and enrich by sharing their functionalities, content and knowledge. E-learning
must be included in the IoT environment to keep up with user demands and the evolution of the Internet.
Every aspect of online education is like something or a combination of things in this ecosystem - learning,
assessment, intelligent educational assistance. The ubiquitous presence of the Internet in our lives and its
gradual transformation into the Internet of Things is a prerequisite for the creation of "cyber-space" [16].
In [14], a "cyber-physical system" (Cyber-Physical-System, CPS) is defined as an engineering system
made up of computational and physical components. "Physical" are the elements of the system occupying
physical space, "cyber" are the computing and communication elements of the system. Accounting for the
social component in CPS transforms it into a Cyber-Physical Social System (CPSS) [102]. The
implementation in the field of education appears as CPSES (Cyber-Physical Social Educational System)
and represents a subset of CPSS in the "education and training" domain.

Successful results for integration of the virtual environment with the physical world can be
indicated. In the laboratory "DeLC (Distributed eLearning Center)" of the University of Plovdiv, ce
pa3paboTBa kuOep-uzmuecka-cormaiina curcrema is being developed, which is being built as a
successor to the DeL.C e-learning environment [93], It is called Virtual Educational Space (VES) and is
implemented through an agent-oriented approach. The constructed educational space [95] is "populated"
only by active autonomous components called assistants. Assistants, implemented as intelligent software
agents, constitute the core of the space, which support the planning, organization and execution of the
learning process [95]. Space integrates the virtual world of e-learning with smart devices, sensors to
collect data from the physical world, communication infrastructures and system architecture.

Most universities in the country implement projects for the application of information
technologies and innovative approaches based on ready-made learning management systems. These
environments lack close integration of the virtual environment with the physical world of the learning
process.

In the framework of this dissertation, the virtual educational space is defined as an environment
that integrates different information technologies and pedagogical approaches for the delivery of learning
materials and educational services in an abstract university (without realizing integration with the
physical world). It covers various educational tools and resources that are used in digital form to enhance
the educational process. Efforts are in the direction of developing a methodology for structuring and
modeling the learning processes, detailing and formalizing the processes.

1. 3. The virtual educational space and Big Data

The virtual education space collects a huge amount of data daily, which requires a new approach
to data processing. The term "BigData" concentrates efforts in the organization, storage, processing and
analysis of huge masses of data that are so voluminous and complex that it is impossible to process them
with traditional data processing applications [12] . In [62], a model is proposed describing the processes
related to storage, processing and analysis of Big Data, which require a new look and joint application of
a number of established technologies. In [63], a model of the processes related to distributed computing is
proposed, based on the Map/Reduce paradigm, using different algorithms and tools for their
implementation.
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8 Daniela Orozova

1.4. The virtual educational space of emerging technologies and risks

Leading technologies that are characterized by radical novelty, rapid growth and impact on other
technologies are called emerging technologies or disruptive technologies [19]. In American sources, these
technologies are also defined as brilliant technologies [20] that are used and developed over time and
have the potential to increase their impact on knowledge production processes. Artificial intelligence is
the "heart" of emerging technologies, because the scientific breakthroughs related to it form directions,
the functioning of which depends to the greatest extent on the presentation of knowledge and imitating
the abilities of human reasoning.

Digital technologies are becoming increasingly complex and integrated, and as such they are
causing significant transformations in society and the economy. This change has pesitive impacts, but we
must also consider megative impacts such as: loss of jobs in traditional professions; cybercrime and
hacker attacks; algorithmic errors and incomprehensibility; need for new concepts of responsibility,
accountability and governance; increasing inequality between people. Those exposed to the greatest
number of risks are the technologies of "Artificial intelligence and decision making", "Big data and
solutions", "Sharing economy", "3D printing and manufacturing, consumer products and healthcare",
"Our digital presence" and "Autonomous cars" [84].

To continue to develop the concept of the virtual educational space in this dynamic and
heterogeneous environment, it must adapt to the characteristics and requirements that the environment
imposes. But any changes must be subordinated to policy and investment for reliable artificial intelligence
[85] and based on an ethical and human-centered approach [31].

1. 5. Models for analysis of the subject area

In the literature [4], formal software analysis models are divided into: property-based models,
executable models, and models integrating both approaches.

Among executable models, Petri nets are considered as a simple and clear modeling tool [76].
They have many extensions adding a number of new properties and modeling capabilities. Regardless of
their specifications, all of these tools have positions and transitions (indicated by arcs) and tokens that
move on the grid. Main extensions of Petri nets are [8, 9] :

o EN — Evaluation nets add token movement duration;

0 TPN — Temporal PNs add transition activation moment;

o CPN — Color PN. In colored Petri nets, each token has a color and can only move along arcs
of the same color;

o SPN — Stochastic PN. Arc selection in stochastic Petri nets is based on a randomly generated
number;

0o SMPN - Self Modifying PN. In self-modifying Petri nets, arc selection is based on a generated
binary number O or 1, (with 0 being no transition);

0 PRON — Pro-Net introduces transition type;

o PTN — Predicate/Transition Net . These networks define a transition condition;

0 MN - M Net, where the tokens also perform additional procedures;

0 GMPN - Generalized Modifying PN — the kernel is absorbed when the predicate generates a 0,
otherwise when a 1 is generated the kernel performs the transition.

0 GN Generalized Net — unite the different extensions into a single formalism for describing
parallel processes. The different extensions of Petri nets and the relationship between them are presented
in Figure 2.
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Figure 2. Extensions of Petri nets

The dissertation follows a brief description of the concept of Generalized Nets (GNs), presented
in [8, 9], a formal description of transition and a formal description of GMNSs.

In the fourth chapter of the dissertation, formal models of processes and components of the
virtual educational space are presented through the apparatus of generalized nets. They represent a
summary of a created series of models related to monitoring and analyzing the activities of learners in an
educational environment, presented in the author's publications [59, 62, 63, 68, 40, 41, 70, 71, 72, 74, 69,
97, 99].
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10 Daniela Orozova

CHAPTER 2. MEANS OF THE VIRTUAL EDUCATIONAL SPACE

Virtual educational space is considered as an environment that integrates various
information technologies, pedagogical approaches, educational tools and resources that are used in
digital form, to deliver learning materials and educational services in an abstract university.

Data science can provide multiple benefits in university management and help improve efficiency
and decision-making. Considering the specific needs and goals of the educational institution, appropriate
tools and methodologies for data analysis can be selected. Space is viewed as an active system open to
components with a common approach to accessing and using information for analysis and decision-
making [1, 55]. Such a system provides basic components such as:

* Maintains means of collection, purification and efficient storage of the data. Stored information
is accessible at different levels of access and by different applications for retrieval, display and decision
making, as well as data access control. Interrelates information obtained from various sources.

* Provides knowledge management tools with intelligent search and reading capabilities, data
integrity and correctness control, automated information extraction, etc. This includes data quality
management tools and automated data pattern discovery and self-updating data capabilities.

* Optimizes the process of fulfilling requests when using the information. Transforms and
visualizes information to be easily perceived and used by the user;

* BB3MOXXHOCTH 32 MHTETpHpaHe HA KOMIIOHEHTH C Pa3HOPOJHHU TEXHOJIOTHU W TIEeJarOrMYecKH
METO/TH, TIOCPEACTBOM Bh3MpHUEMaHe Ha OO apXUTEKTYPHH MOIXO0IH 32 CHCTEMATA.

In addition to basic resources, a way to engage learners' attention is to integrate into the learning
process those resources that they use daily in their personal virtual space.

Integrating knowledge mining tools into learning environments can significantly improve the
educational process by providing valuable information to learners, educators, and administrators, but in
turn requires effective management of educational data. This includes storing, processing and protecting
the data, ensuring its security and confidentiality. They must be used in accordance with ethical principles
and respect the rights of the individual and privacy.

This chapter of the dissertation summarizes the results of the conducted research and analysis of
the main characteristics of a virtual educational space on University, presented in detail in the
publications [61, 79, 82, 94, 96, 97]. Advantages of standardized e-learning content in the delivery of
educational services are substantiated. The need to apply data mining tools in learning spaces and search
for solutions to personalize e- and distance learning has incresed.
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CHAPTER 3. MODELS FOR DATA ANALYSIS IN THE VIRTUAL EDUCATIONAL SPACE

This chapter of the dissertation summarizes the results of the conducted experiments and analyzes
of the collected data for learners in various forms of e-learning, presented in detail in the author's
publications [75, 79, 80, 82]. In the conducted research, a link between statistical methods, machine
learning, behavioral pattern discovery and data analysis is sought. The developed algorithms and software
are presented in [57, 58, 83]. Models are proposed as a result of theoretical summaries of the processes of
observation and analysis of learner activities related to Big Data Analytics, Data Mining, Web metrics,
Machine Learning and Fuzzy logic.

Data analytics in a virtual educational space

Various forms and methods of testing are used to assess the students' knowledge, such as: online or
offline tests, answers to open questions, testing and reading of code, solving tasks, etc. The final
assessment in the discipline is often complex and includes several components involved in its formation
with different weights. It must reflect the various aspects of the student's training (theoretical knowledge
and practical skills), be tailored to the specifics of the subject, age and individual characteristics, etc.

An experiment on evaluation and analytical studies of learner data is presented in [75]. For the
purposes of the analysis, we consider a specific approach to student assessment, where the grade at the
end of the semester is defined as a weighted average xof all grades during the semester. Each rating has

an importance or weight. The function used in the particular case has the form:
_ Yxw

(1) T2
where x is the score, w is the weight of each score.

The assessment of students in the Mathematics subject at the end of the semester is determined
based on the following tests: Test I Sets, Test 2 Logic, Test 3 Geometry, Test 4 Statistics, Test 5
Probability, Final Exam, Quizzes, Homework, Projects and Class Activities.
Each criterion has a degree of importance and the function has the form:

f—z T1%0.09+T2+0.09+T3%0.09+T4%0.09+T5+0.09+FinEx*0.15+Act*0.40
>Yw

2

where Xis the grade at the end of the semester, w is the weight of each grade. We look at how individual
test scores affect grading and how in-class and extracurricular activities affect the end-of-semester grade.
In addition to the points accumulated for the individual components, we also store data for each student:
Age (years is cold), Gender (gender), New Student Experience (NSE), FullTime-PartTime (credits for the
subject are 12 or more), Student Program (type of study), Times Taken Course (for which time the
student studies the subject).

3.1. Using Spreadsheets for analytical studies of learner data

Spreadsheets (especially Excel) offer effective functions for summarizing data. Filters provide
options for selecting records. Conditional formatting colors data that meets certain criteria and helps us
detect deviations and trends in the data. Charts visually show deviations and trends [30]. Using Excel
tools, we performed an initial analysis of student mathematics performance outcomes over five semesters.
The graph of Fig. 3 shows a good absorption of the learning material. The lowest scores were on Test 4
Statistics, where 75% of learners scored lower than 50% of learners on Test 1 Sets, Test 2 Logic, Test 3
Geometry and Test 5 Probability.
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Figure 3. Graph regarding the distribution of grades by modules

The change in teaching strategies had an impact on how learners absorbed the material. As a
result of the research, a recommendation was made to change the sequence in the study of two disciplines.

3.2. Data analytics in the learning space with the Orange system

Various data mining software tools are available today. Among the most popular are:
RapidMiner, RapidAnalytics, WEKA, PSPP, KNIME, Orange, Apache Mahout, jHepWork, Rattle,
GhostMiner, XENO, SAS Enterprise Miner, Polyanalyst and IBM SPSS modeler. For the purposes of this
study, a tool was developed to identify and predict the reasons for students falling behind or dropping out,
presented in [78]. The “Orange Data Mining system” [56], an open source machine learning and data
mining software written in Python, was used.

Supervised learning

The main task of supervised learning is to create a model of labeled data, which allows making
predictions about future data. The main techniques are: classification when the class labels are discrete
and regression when the score is a continuous value. A number of tools for building classification and
regression models have been built into the Orange Data Mining System. In the next subsection,
experiments are presented to evaluate and predict the knowledge of learners in an educational space using
the tools: Logistic Regression, Naive Bayes Classifier, Support Vector Machines (SVM), Decision Trees
and Artificial Neural Networks, etc.

3.2.1. Problems in preparing data for analysis and approaches to solving them

For data analysis in an educational space, the main input data are the points obtained by the
learners on different assessment components, and the output is the corresponding final grades set by the
teacher. Main tasks for data preparation for analysis are [22]: data cleaning (Data Cleaning), data
integration (Data Integration), data transformation (Data Transformation), data reduction (Data
Reduction). Data cleaning is the process of ensuring that data is correct, consistent and usable. Duplicate
data can occur when combining datasets from multiple sources. /rrelevant data is data that does not fit the
problem being solved. Structural errors in the data may occur during measurement or data transfer.
Outliers can cause problems with some types of models. When we do not have the complete set of data
for a given characteristic, we have missing data. The process of preparing data includes identifying
errors, correcting, deleting, arranging or otherwise processing, keeping only the potentially useful data.
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3.2.2 Evaluating and predicting the knowledge of learners in the virtual educational space

It is proposed here as a multi-step process, a method for evaluating and predicting the
knowledge, skills and competences of learners in the virtual educational space [66]. The method
includes five steps and can be adapted to different Emerging technologies courses in the virtual
educational space.

Learner Choice of Evaluation Analysis of I Assessment
assessmen accumulat Model building
data process and prediction of model
t method ed data accuracy

Figure 4. Multi-step process of analyzing and predicting learner knowledge

Step 1. Choice of assessment method. Determination of key knowledge and competences for the
studied technology. Determining the degree of severity (importance) of each analyzed competency.

* Basic theoretical knowledge is assessed using components such as: intermediate tests, problem
solving and case studies, exams, summary discussion etc. These components assess the acquired
knowledge and the ability to understand the theoretical material studied. Open test questions, multiple
choice questions, listing and comparing objects, giving examples of concepts, explaining and using
algorithms are used. As well as questions related to explaining, interpreting and visualizing solutions.

* The main competencies are assessed by the students' ability to apply the acquired knowledge to
make non-standard decisions in: control and homework, course assignments and projects, in which new
tasks are solved, critical analysis of decisions is carried out, potential risks are determined, independent
conclusions and conclusions are made.

Step 2. Evaluation process. Assessment procedures are also conducted during the overall
learning process. The results are accumulated and stored for the purpose of student profiling, subsequent
analysis and prediction in the assessment of new students.

The obtained results look for dependencies in the individual assessment components between
theoretical and practical knowledge, skills and competences. In some cases, a student gets a high grade on
the tests and a low grade on the test, or vice versa. Creating an automated scoring algorithm when specific
values of the scoring components are available requires a non-standard solution.

Step 3. Analysis of the accumulated data from the conducted trainings in a real environment.
Various machine learning algorithms are available. The main input data are the points obtained from the
evaluation components, and the output is the corresponding final grades of the students in the discipline.
In training methods, part of the sample data is used for training the algorithm and another part is used for
testing. If the test results are not good, the training process can be repeated or it can be judged that the
chosen approach is not good for solving the specific problem.

Step 4. Building a prediction model. Based on the accumulated data, a classifier is created that
makes predictions for current grades in the discipline. Data analysis systems such as: SPSS, Orange,
Weka and others offer tools based on algorithms for: decision tree, logistic regression, Bayes theorem,
neural networks and a number of others. After training is complete, the implemented models can be
applied to new data.

Step 5. Evaluation of the prediction accuracy of the algorithms. After training, testing is
performed for accuracy and precision of the model's performance.

How good a classifier is is determined by the values of relevant quality assessment metrics. It is
not enough to watch only one of them. Several metrics should be considered, and the choice of which are
more important depends on the tasks and the objectives involved.
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Confusion Matrix is one of the most popular ways to evaluate the quality of the classification [89] .
Represents an N x N matrix, where N is the number of classes of the target variable. By applying this tool,
the classifier determined and the actual values can be compared according to 4 metrics: True Positive (TP),
False Positive (¥P), False Negative (FN) and True Negative (7N).

e QOverall accuracy is a metric that gives information about what proportion of all
cases are correctly classified:
3) Accuracy (ACC) = (TP+TN) / (TP+FP+FN+TN)
The total number of correctly classified objects is divided by all cases.
e The total error shows what fraction of all objects the classifier assigned to the
wrong classes:
@) ERR = (FP+FN) / (TP+FP+FN+TN) = 1- ACC
It can be calculated by dividing the total number of misclassified objects by all cases or by subtracting
the Accuracy score from 1.

It is necessary to take into account the metrics: Precision , Recall , Specificity and Fl-score. These

metrics are the most popular and commonly used when evaluating a classifier:
e Precision - the metric shows what fraction of objects classified as positive are
actually positive:
®) Precision = TP/(TP+FP)
e Recall or True Positive Rate (TPR) - gives information about how much of the
positive class was detected by the classifier:
(6) Recall = TP/(TP+FN)
o Specificity or True Negative Rate (TNR) - shows how much of the negative class
was found by the classifier:
N Specificity = TN/(TN+FP)
o Fl-score - summarizes Precision and Recall into a single value. The value of this

indicator is maximum when Precision and Recall are equal:
®) Fl-score = 2*(Recall*Precision)/(Recall+Precision)

The analysis of the results is related to decisions by the managers of the training process, how to
stimulate the learners and how to help the learners at risk: additional exercises and tasks, additional
individual and team work, step-by-step explanations, work with software such as modeling tool etc.

Application of the evaluation and forecasting method was carried out in the discipline
"Artificial Intelligence" using the tools of the Orange system for experimentation and conclusions [66].
The presented discipline (with Professors Academician Ivan Popchev and Prof. Dr. Daniela Orozova) is
part of the virtual educational space. It is structured in four modules: Artificial Intelligence —
characteristics and issues; Search for a solution in the state space; Presentation of knowledge; Smart
decision making. In the e-learning environment for the discipline, there are provided materials with a
volume of 587 MB of textual description, examples and 14 links with useful links. Moodle and Microsoft
Teams environments are used in teaching. This discipline is the basis of the courses: "Analysis and design
of databases and knowledge", "Knowledge management in computer systems", etc.

Step 1. For the evaluation of the students in the discipline "Artificial Intelligence"”, evaluation
components have been defined, each of which inspects theoretical knowledge, practical skills and
competences with a different cognitive level. 3 tests are defined (3 x 5 = 15 points), qwizz Test (15
points), Project - 45 points and Summary Discussion - 25 points.

In the project, each student chooses a topic from the main areas of artificial intelligence, such as:
Ontologies engineering, Semantic Web, Knowledge representation, Computational intelligence, Robotics,
Natural language processing, Machine Learning, Deep learning, Soft computing, Pattern recognition,
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Multi-agent systems, Artificial neural networks, Genetic algorithms, Knowledge based systems, Decision
support systems, Business intelligence, Data Science, Fuzzy sets and systems, E-learning, etc. The project
necessarily includes: status, development trends, identification, analysis and evaluation of the selected
toolkit for impacting potential risks, unsolved problems, conclusions, conclusion and bibliography.

The general discussion with the student is on the subject of the project, risk management,
monitoring, control and assessment of risk management of potential risks and the possibilities of solving
new tasks with non-standard solutions.

The example model used for assessment in the discipline is presented in Fig.5. This assessment
model can be dynamically changed and adapted to the specific discipline. For example, in the discipline
"Knowledge Management in Computer Systems" an alternative model is applied .

Evaluation component Meaning Rating scale
Theoretical knowledge module 2 Test 1 up to 5 points
Theoretical knowledge module 3 Test 2 up to 5 points
Theoretical knowledge module 4 Test 3 up to 5 points
Practical competences Test up to 15 points
Practical knowledge and skills Project up to 45 points
Theoretical knowledge and skills Summary discussion up to 25 points
Final assessment Final assessment Score points [2, 6]

Figure 5. Example model for assessment by discipline

Step 2. Conduct training and evaluation process. The task is related to finding a general approach
for automated assessment and prediction of student grades. To reduce subjectivity in the assessment of
practical skills, the assessment is allowed to be carried out by an external assessor from companies in the
field of information technology such as: Technologika, Scale Focus, etc. For each discipline, students can
receive up to 100 points and the final grade is formed according to the following scale: from 54 to 60
points - Average (3); from 61 to 70 points - Good (4); from 71 to 80 points - Very good (5); from 81 to
100 points - Excellent (6).

Step 3. Analysis of the accumulated data from the conducted trainings in a real environment.

In the process of work, many experiments were conducted. The main goal is to solve a
classification problem by determining whether it is possible to predict the score (output variable) using
the input variables (the points of the individual score components) that are stored in the model. Various
techniques are applied to solve the classification problem, using the tools of the Orange Data Mining
System.

At the beginning, a workflow is created and through the "File" tool we load the data for the
students' evaluations on the various evaluation components in the number of points. They can be entered
from Excel (.xIsx), a tabbed text file (.txt), a comma-separated data file (.csv), or a URL. For better
understanding, the data can be visualized by some columns or extracts from them. For example, one can
link the data file to the Scatter Plot tool and select the columns whose values will be plotted on the X and
Y axes, the colors used, shapes, sizes and other parameters. Another popular data visualization tool is
"Distribution ", which can be used to show a distribution in the data set by a given attribute.

Depending on the purpose and type of data, we choose a specific regression or classification tool
and sef the target variable. Next is data cleaning. Different approaches can be taken: delete the missing
values or replace them appropriately. Using the "Impute" tool (Fig. 6), one chooses among different
imputation methods. The default is the "Remove the rows with missing values" option. Other possible
options are: Distinct Value, Random Values, Model-Based.
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Figure 6. Applying data loading and cleaning tools

Step 4. Building and training prediction models. In the experiment, the tools of the system are
consequently applied: Tree, Random Forest, Logistic Regression, Naive Bayes, Support Vector
Machines (SVM) and Neural Network. The workflow for creating and training the models is shown in

Fig. 7.
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Figure 7. Model training and prediction workflow

predoctions — D
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Data Table

Anticipating new data. Through the trained algorithms, when setting a new combination of

values for the selected components, the output variable is expected to be determined. At this step, we

consider the model ready for practical application. The model gains independence and draws its own

conclusions based on data sets and training. Figure 7 shows the prediction workflow using the
Prediction tool of the Orange system. The new data is fed through a Test.x/sx file that has the same

structure as the original data table, but the output variable column is not set. A general view of the

obtained prediction result is shown in Figure 8. These are the prediction results for the final grade of
learners obtained by the different models.

Data & Predictions

Tree Logistic Regression Random Forest

1 0.00:067:0.33:000:0.00 — Excellent 0.00:0.49:0.02: 0.06: 043 — Excellent  0.00: 0.57 : 041 : 0.00 : 0.32 — Excellent
2 0.25:000:050:025:0.00 — Good 0.01:0.00: 045022 0.32 — Good 0.20: 0.0 : 0.20 : 0.50 : 0.00 — Middle

3 025:000:050:025:0.00 = Good 0.00:000:020:030:0.50 = Very Good 017 : 0.00 - 0.76 : 0.05 : 0.02 = Good

4 0.00: 067033000000 — Excellent 0.00:072:003: 0.04 022 — Excellent  0.00 : 0.60 : 0.20 : 0.00 : 0.19 — Excellent
5 0.00:067:0.33:000:0.00 — Excellent 0.00:0.03:0.31: 0.37: 0.29 — Middle 0.00:0.20: 0,44 : 0.02 : 0.33 — Good

6 1.00:0.00:0.00:0.00:0.00 — Bad 0.64:0.00:0.07:0.28: 0.01 — Bad 0.52:0.00 - 0.00: 0.08 : 0.00 — Bad

T 0.00:000:000:000: 1.00 = Very Good 0.00: 0.00 : 0.00 : 0.20 - 0.79 = Very Good  0.10 : 0.5 : 0,00 : 0.00 : 0.75 = Very Good
& 0.00:1.00:000:0.00: 000 Excellent 0.00: 0.80:0.01: 0.01:0.18 — Excellent  0.00 : 1.00 : 0.00 : 0.00 : 0.00 — Excellent
9 1.00:000:000:000:0.00 — Bad 011 :0.00 0.0 : 0.08: 0.79 — Very Good 047 : 0.25: 0094 : 013 : 0.00 — Bad

Figure 8. Prediction results by different models
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Step 5. Evaluating the performance of models on data.

The workflow connects each of the created models with a “Test and Score” tool. Once the models
are evaluated, it should be seen if their accuracy can be improved by tuning the parameters present in the
model.
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Figure 9: Scoring workflow with the * Test and Score ” tool

The result of the “Test and Score” tool is a table of scores for: Accuracy, Precision, Recall and F'1
Score for the created models. Specific scores for the quality assessment metrics for the created models in
the experiment are given in Fig. 10.

Scores
Method AUC cA F1 Precision Recall
Tree 0.965 0.855 0.884 0.864 0.9305
Logistic Regression 1.000 0.776 0.976 1.000 0.952
Random Forest 1.000 0.895 0.930 0.909 0.952
SVvmMm 0975 0.842 0.900 0.947 0.857
Naive Bayes 0994 03816 0952 0952 0952
Neural Network 0941 0803 03864 03826 0.905

Figure 10: Test&Score tool operation on the created models

Looking at the predictive accuracy for each of the rating classes, it can be summarized that it is
worst for the Middle rating class. The highest accuracy is achieved for the Bad and Excellent classes.
Good and Very Good score predictions for all models considered are presented with an accuracy of
around 60-75%. The Random Forest model is the most reliable because it performs with the highest
accuracy for all classes of estimates. The Naive Bayes model has the lowest accuracy score compared to
the other models on the data considered.

Testing of the various models and in visualization of the accuracy of the models can be done by

"Confusion Matrix", ROC Analysis or other tool of the system. The workflow is shown in Fig.11.
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Figure 11. Model creation and evaluation workflow using Confusion Matrix and ROC Analysis

Results of the work of the Confusion matrix tool are given in Fig. 12, to compare the performance
of the created Tree and Logistic Regression models.

Confusion matrix for Tree (showing number of instances) Confusion matrix for Logistic Regression (showing number of i
Predicted Predicted
Bad Excellent Good Middle VeryGood ¥ Bad Excellent Good Middle VeryGood J
Actual Bad 13 o 1 1 0] 15 Actual Bad 1 [ o 1 o 0]15
Excellent 0 B[ 0 0 2] 2 Excellent 0 [ o) 0 10
Good 0 1 12 0 2|15 Good ] 0 10 1 4115
Middle 0 o 2] 6 0] 8 Middle [ [ I 1] 8
Very Good 0 H I 15 17 Very Good 0 o ¢ 1] 1
3 13 2 15 7 19 76 I 15 w19 3 19 76

Confusion matrix tool performance results for two models created

The Receiver Operating Characteristics (ROC) curve compares TPR (True Positive Rate) and
FPR (False Positive Rate), which provides information on how well the model correctly recognizes the
respective classes. In Fig. 13 the result of comparing four different classifiers is given. The closer the
ROC curve is to the upper left corner, the higher the quality of the classifier. The graph shows that in the
particular prediction case, the model using the Random Forest algorithm performs best.

True Positive Rate

Random Forest: AUC = 0.92
—=— KNN: AUC = 0.85
—— Logistic Regression: AUC = 0.80
Decision Tree: AUC = 0.86

oo 02 08 1.0

False Positive Rate
Figure 13. Visualization with the tool ROC Analysis in Orange

By summarizing the results for the average rating for the predictive accuracy on the rating classes
(Poor, Average, Good, Very Good and Excellent) we get: Decision Tree - 85.5%; Logistic Regression -
77.6%; Random Forest - 89.5%; Support Vector Machine - 84.2%; Naive Bayes - 81.6%; Neural Network
80.3.1%. Decision Tree and Random Forest classification algorithms can be suitable for use in similar
evaluation tasks, which predict with a high degree of accuracy the elements of the Bad class. These are
the students with poor grades that we consider " students-at-risk".

In the conducted experiment, the tool processes the data that is collected during the students'
learning in their courses. In addition, survey data is also used. The survey is sent by email during the third
week of the course. The basis of the survey are questions with which students give their opinion about the
tasks, materials and the level of difficulty of the subject. The data obtained from the surveys add a
number of new characteristics that are directly related to the dropout of learners, such as lack of interest,
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lack of time, organizational obstacles during training, etc. The first experiments were made from a small
sample of data, limited by initially available real student data. Using the developed system for monitoring
and collecting data on learners and their activity (solved tasks, viewing electronic text and video
materials, participation in forums and/or interest groups, etc.) from 4580 records for learners, 15 results
from learners are identified at risk. It is a multi-step procedure that is directly related to Big Data
Analytics [101] in the e-learning space. A huge amount of data is collected every day, which now requires
a new approach to data processing, applying an open-source Hadoop distributed processing framework
based on the Map/Redude algorithm.

CONCLUSION: The conducted empirical studies confirm that the proposed five-step evaluation
method is promising for the development of an early warning system for various stakeholders of the
learning process.

Based on accumulated data from the operation of an e-learning system with different users,
applying tools from the field of data science, different decisions about training can be made. The analysis
of data accumulated in e-learning courses makes it possible to change the test model and design modules
to meet the individual needs of the learner.

Reinforcement Learning (Confirmation Learning)

Reinforcement learning also belongs to machine learning algorithms. The characteristic of this type
of algorithms is that it imitates a psychological model, in which the system is given "rewarding" and
"punishing" signals in order to maximize the probability of receiving "rewards" and minimize
"punishments" [88]. This training is typically applied in the absence of a predefined "correct” training
data set. Such an approach is different from the supervised learning approach, where the goal is to reduce
the deviation according to pre-set correct data (input/output).

Unsupervised learning

Algorithms of this type take a dataset containing only input values and find a structure or
distribution in the data, with no indication of a known variable or reward function, the data is unlabeled,
there are no training examples [100]. Main types of solved tasks are: Dimensionality reduction, Density
estimation, Clustering.

Cluster analysis is the distribution of a set of observations into subsets (clusters), so that the
observations in the same cluster are similar according to one or more predefined criteria, and the
observations from different clusters are different [46]. Different clustering techniques work with different
assumptions about the structure of the data, which are often defined by some similarity metric and
evaluated, for example, by internal compactness, or closeness between members of the same cluster, and
difference between clusters.

The clustering methods developed use a different induction principle. Farley and Raftery (1998)
[32] propose the division of clustering methods into two main groups: hierarchical and partitioning
methods. Han and Kamber (2001) [45] propose a categorization of the methods into an additional three
main categories: density-based, model-based, and network-based methods. An alternative categorization
based on the induction principle of different grouping methods is presented in Estivill-Castro (2000) [29].

e Clustering Algorithms

These algorithms generate different partitions and then evaluate them according to some criteria.
They are called non-hierarchical because each instance is placed in exactly one of k mutually exclusive
clusters. The desired number of clusters is required to be entered in advance.
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One of the most commonly used clustering algorithms is k-means clustering algorithms. This type
of algorithm belongs to Exclusive Clustering because the data is grouped so that if a certain data belongs
to a given cluster, it cannot be included in another cluster. Another type of Overlapping Clustering, uses
fuzzy sets to group data so that each point can belong to two or more clusters with different degrees of
membership.

Three-step algorithm: determines the central coordinate (centroid); determines the distance from
each object to the center; groups the objects based on the smallest distance. Terminates when the
centroids stop moving or some threshold is reached (e.g. number of iterations). The following is an
example workflow for applying a k-means tool to a data set and visualizing the result using a Scatter Plot
tool (Fig. 14).

To build the information flow, data collection is done first. The desktop and toolset are loaded
and the "File" widget loads the data for analysis. An Impute tool can also be applied to clean the data.
Next is Select Tool k-means. This Orange system tool implements the k-means clustering algorithm. The
last step is to visualize the result. The tool itself k-means does not visualize a result, for this purpose a
visualization tool, for example Scatter Plot, must be connected to the data stream.

pata ot
pant Data annoited DX o

k-Means

Figure 14. Workflow using k-means and Scatter Plot tools

e Hierarchical clusterization

When the number of clusters is not predetermined, hierarchical clustering procedures
(Hierarchical Cluster) are used. These algorithms start by declaring each point as its own cluster and then
merge two most similar clusters until a stopping criterion is satisfied.

The wide variety of procedures arises from the metric used between different objects.
Hierarchical clustering calculates a hierarchical clustering of arbitrary object types from the distance
matrix between them and displays the corresponding dendrogram. 1t starts by assigning each element to a
cluster. Next, the closest pair of clusters is found and merged into one cluster. Next is a calculation of
distances (similarities) between the new cluster and each of the old clusters. The steps are repeated until
all elements are grouped into one cluster of size N.

An algorithm for building an information flow in hierarchical clustering is related to the
application of the following steps :

1. Data Collection. Loads the desktop and toolset and loads the data for analysis. A data cleaning
tool can also be applied.

2. Selecting the Distance tool to calculate the distance between elements. Different geometric
metrics can be used to group the data to calculate distance. A Euclidean metric is a measure of the
distance between points plotted on the Euclidean plane. Manhattan metric is a measure where distance is
calculated as the sum of the absolute value of the differences between two points plotted on the Cartesian
coordinate system. The Minkowski distance metric is a summary of the metrics from the Euclidean metric
and the Manhattan metric.

3. Selection of Hierarchical Clustering tool. This tool implements an algorithm for the
hierarchical clustering of arbitrary object types by the calculated distances and displays the corresponding
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dendrogram. A dendrogram is a graph-tree in which each node represents one step of the clustering
process.

4. Visualization of the result. Through different tools, the result can be visualized in different
ways, for example through the Data Table and Scatter Plot tools .
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Figure 1 5. Hierarchical clustering workflow

Other popular knowledge mining software tools that can be used for data analysis are for
example: WEKA [103], RapidMiner [87]. KNIME [52], KEEL (http://sci2s.ugr.es/keel/), SPSS
http://www.ibm.com/analytics/us/en/technology/spss/ and others.
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3.3. Web metrics for evaluating the activities of learners in a virtual educational space

The analysis of the data accumulated during the training allows research and feedback on how the
learners search for information, what difficulties they encounter and the design of modules that meet the
individual needs of the learner. A new element here is an assessment of the degree of use of websites
related to the field of learning and modeling of learners, based on an analysis of their behavior in the
learning environment and the web space.

Web analytics is the measurement, collection, analysis, and reporting of Internet data in order to
better understand the complex interactions between website users. The web analytics process includes
various web metrics defined in Google Analytics [25] as:

* page views - the number of views of the web page accessible by a visitor (without spiders or robots);
* visitors - the number of unique visitors to the website;

* pages/visits - the number of pages viewed by a visitor during a visit;

* time on site - length of time spent by all visitors to the website;

» stickiness - the ability of the web page to keep the visitor on the web site;

* frequency - number of visits by a visitor to the site (loyalty indicator);

* recency - number of days that have passed since the visitor's last visit to the site;

* | ength of visit - the visit time spent by a visitor on the website (in seconds);

* depth of visit - number of pages visited by a visitor in one visit, etc.

In the field of web analytics, there are mainly two techniques used to analyze website traffic:
server-side and client-side data collection. Server data collection methods extract and analyze data
primarily from log files and include log information such as IP address, time and date, browser type, etc.
Behavioral information includes general browsing information such as number of pages viewed, language
setting, etc. When data is collected from client sites or bookmarked pages, the page visitor data is sent to a
tracking server using a JavaScript code (or tag) inserted into the HTML page. With this approach, all the
actions of the visitor can be accurately tracked, as well as additional information can be collected. Cookies
can be used to determine how many first-time or repeat visitors a site has received, how many times a
visitor returns in each period, and how much time passes between visits.

Google, WebTrends, Nedstat [S] and many other companies provide web analytics software using
page markup. Google Analytics is the most used free program [25]. From the point of view of the analysis
of the activity of the learners, the information related to the customers, the history of their visits and
behavior, the user profile, etc., is particularly interesting. Google Analytics prepares anonymous and
statistical reports about the websites that use it. Show data such as geographic location (based on general
IP-based geolocation codes), time of visit, etc. For example: the report in Fig. 16 [25] makes it possible to
track the site's visitor traffic by hours.

.
S g Y —— Y —

S —

Figure 16. Graph aa hourly trend with Google Analytics.

In order to analyze the web sites most visited by the learner, the depth and frequency of visits, the
Fuzzy Classification of the Web Metric [107] is used. Fuzzy set theory and fuzzy logic are known to
account for the imprecision, uncertainty, and ambiguity of human thought and language by defining the
membership function.
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A fuzzy set A in X is defined as [105] :
) A ={(x, pPA(x))}, where x € X, pA : X — [0, 1]

is the membership function of A and pA(x) € [0, 1] is the degree of membership of element x in set A.
In our experiments on the number of visits to a given website, the terms "low"” , "medium" and "high" as
language variables. In general, reporting pageview values as true (1) or false (0) for a month, pages are
defined as "low visited" if visits are eg between 0 and 25, between 25 and 55 visits pages are "average
visited' and more than 56 visits are classified as "high view". However, if a visitor has 55 page visits,
they are classified as "moderately" active, while another visitor with 58 visits is classified as a "very"
active visitor. Despite a difference of only 3 visits, they are divided into two different groups. By
defining fuzzy sets represented by a membership function, a continuous transition between the classes
"low", "medium" and "high" is introduced. Thus, a visitor can belong partly to two classes (55% of
"highly active" and 45% of "medium active") at the same time. The use of fuzzy classes allows a more
precise classification of web metric values [50]. Taking this into account in order to estimate website
traffic, a fuzzy rule system is developed [28]. The pageview measurement is a number that doesn't have
much meaning by itself. Only the context of the number against the number of other pageviews provides
knowledge on which to make an estimate.

Fuzzy classification rules are implemented to determine the number of web page hits. The method
of inductive fuzzy classification (Inductive Fuzzy Classification IFC) is applied, in which the grouping
of the elements in a fuzzy set is performed with a membership function inferred by data induction.
Inductive Fuzzy Classification by Percentile Rank (IFC-PR) [50] generates a fuzzy membership
function, in this case using the common language terms “low”, “medium” and “high” correlating with
the number of user visits:

- the empirical rank of the value x with the metric M determines the belonging to class “high”:
phigh(x):= P(M <Xx)

- the indicator M will be classified as "low" (the negation of belonging to the "high" class):
plow (x):=1—phigh (x)

- "medium" classification is defined as:
pmedium (x):=1— abs(phigh (x) - 0.5) — abs(plow (x) - 0.5).

In the conducted research [82], an analysis is made of the visits to the websites indicated as
supporting materials in the course on the subject of Artificial Intelligence. For each web page, the visits
are estimated, for example: page W1 has 135 visits within the training course. Total suggested and
monitored pages in the course are 80 and 56 of them have less visits than W1. To estimate W1 visits,
calculate:

phigh ( visit (W1)):=
P (Number of visits < visits (W1)) = 56/80=0.7.

Thus, according to the fuzzy classification, page traffic is defined as "high" above 0.7, "low"
below 0.3, and "medium" up to 0.6.

Based on the resulting analysis, for each web page offered in the training course, decisions are
made to update the web sources, as well as supplement the literature with new sites related to the most
sought-after topics.

After analyzing the web sites most visited by the learner, the depth and frequency of visits, the
type of their content should be analyzed and determined. An approach to automatically determine the type
of document and how relevant it is to the learning domain is presented in [80]. The analysis is based on
the idea: certain words in the document are relevant to its content. To determine these words, the
frequency of their occurrence is searched using the Wordcloud software [104]. Filters can be applied on
the received word list. The proximity of each word from the resulting set to all words from the subject
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ontology dictionary associated with the learning domain is calculated and the smallest value obtained for
each word is taken. To determine the proximity of words and phrases, an approach presented in [48] using
g-gram metrics is used.

By processing a large set of web-documents, a dataset is accumulated with central words
extracted from them and their degree of proximity to the concepts of the analyzed domain. These data
were used to train classification algorithms, presented and described in the form of a multi-step process,
with the target attribute being whether the document is related to the domain or not. An algorithm for the
analysis and prediction of documents from the considered field of study is proposed , shown with a

diagram in Fig. 17.
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Figure 17. Multi-step process of analysis and prediction of documents from a given domain

From the collected information about the activity of users in the web space by means of cluster
analysis or application of associative analysis, user segmentation can be performed. Web content can be
analyzed in the following steps (Fig. 18).

. Data collection ining
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Figure 18. Web metrics data extraction architecture

CONCLUSION: In the stage of analysis of the results of the conducted training, special attention
is paid to the difficulties that the trainees encounter when completing the individual modules in the
discipline. In the conducted experiment, the conclusions drawn are related to the fact that students in the
studied discipline of Artificial Intelligence encounter difficulties when working with the literary sources
for preparing the project on a selected topic from Module 4, in the areas: "Blockchain", "Ethics and
Emerging Sciences”, "Policy and investment recommendations for trustworthy Artificial Intelligence” as
well as in determining risks related to these technologies.

Through the presented method in the learning environment, it is possible to track the activity of
learners in the Internet space, accumulating data regarding their activity in the learning environment. By
analyzing this type of data, timely information is obtained about the activity, progress and success of
learners. The results show that the formulated solutions can be successfully used for different tasks and
can be adapted to new technologies and applications. The proposed method promotes the creation of an
innovative learning environment and is the next step in the digitization of education.
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3. 4. Modeling the user in the educational space

A user model is built through appropriate means of monitoring and reporting the user's activity.
The model serves to customize the system to the knowledge and skills of the user and apply adequate
supporting strategies in his work. The user model is essentially a data structure representing individual
user characteristics of a given program system. It represents the user's cognitive processes and
perceptions of the application domain [7].

According to Barr and Feigenbaum [10], there are two basic approaches:

- In the overlay approach, the user's knowledge is represented as a subset of the general
knowledge maintained by the system for the domain being studied, the domain expert's knowledge, or
the expected knowledge of the learner. The knowledge of the system is decomposed into independent
components and covered with a system of notations indicating the level of mastery of each individual
component. Accepting this opinion, a model is built here for assessing the basic knowledge of the
learners regarding the main concepts and dependencies between them. A hierarchy of concepts defined
in the used domain-ontology is built in the taught subject area. After each test, the concepts are assigned
a relative numerical value (in percentages), which indicates the degree of certainty of the system
regarding the knowledge of this concept by the specific learner. The rating for each concept can be
formed dynamically as an averaged rating of its child concepts according to the formula:

k
_ 1 .
(10) Mark term = ;ZMark7 Subternfi] ,

i=1
where Mark _Subtern{i] 1s the evaluation of the itk child concept, and £ is the number of child (inherited)
concepts of the evaluated main concept. Each child concept, in turn, can be considered as the parent of
its child concepts and receive its evaluation according to the same formula. Then the general assessment
for the taught topic can be formed according to the formula:

n
1 .
(1 1) Mark = ZZMark_ Term[ ],
Jj=1
where Mark_Tern{;j] 1S the j -th score main concept in the studied topic of the subject area, and » is the

number of these main concepts.

- In the bug theory modeling approach, bugs are formally diagnosed through a list of pre-defined
incorrectly learned and missing elements of knowledge. Here, the user's model consists of the expert's
model, supplemented by a list of domain errors. Much of this data is collected from the e-learning
environment and stored in a relational database. Using the accumulated data, reports on the participants
and their work are generated, for example: a report on the participants in a given activity, a report on the
duration of a given training, the start date and the completion date of the participation; data on learners
and the courses they participate in; total number of participants; number of participants trained in
individual courses, etc.

In order for learning to be formally represented at the meta-level, its basic aspects (knowledge,
processes and participants) must be modeled and formalized in a way that ensures defining, finding and
using relationships between them. The dissertation develops and proposes a model of the learning process
in the educational space, based on ontologies for knowledge representation. Figure 19 presents a diagram
of the developed ontological model of an electronic course. A prototype of the ontology was tested using
the Protege system (http://protege.stanford.edu/).
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Fig. 19. Ontological model of an electronic course through the Protege system

The learning domain knowledge model represents the core concepts and their relationships that
must be taught and tracked as a level of mastery.

Based on experiments with learners in an electronic environment in various disciplines, a general
framework of a learner model architecture is proposed here, which includes three types of factors:
competence factors, emotional factors, social environment impact factors.

I User Interface Module I
)
Competency Social
TRAINING MODULE characteristics environment
STt e Motivation
Behavior KNOWLEDGE Communication
Data Mining tools Social stafus
L SKILLS Marital status
e A4 Individual abilities Education
L Age
Subject Area Model. Behavior Gender and ofhers

Educational material,
Emotional state
methodology, goals. I

Happiness Anger Fear

N > Sadness Surprise I Disgust

Fig. 20. Architecture of a learning system with learner model

The proposed model of the user is distinguished as a separate module containing user data and a
system of functions taking care of the collection, storage, processing and interpretation of this data. This
module is related to the model of the subject area of study and the learning module of the system. The
individual model (Fig. 20) contains three types of data.

- The first type presents assessments on elementary skills and typical errors in work in the field of
study. These evaluations are summarized in the overall evaluation of the learner in the area.

- The second type shows the level of assimilation by the learner of each of the units of knowledge.
For a learner, a list of elements of the type: <units number> : <evaluation of units> is maintained.
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- The third type concerns the learner's work during the training session: it contains the curriculum
number, the current difficulty of the questions and the tasks; the level of assistance, etc. This also includes
data about the learner such as: gender, age, cultural and social status (includes forum posts and number of
responses, group interaction), as well as some individual characteristics. This component is in the process
of experimental research and the difficulties stem from the fact that no quantitative theory is known about
the relationships between the psychological characteristics of the learner.

Ratings indicating the level of mastery or non-mastery of a given knowledge or the ratings of
questions, tasks or requests of the learner are real numbers in the interval [-1,1].

Combining this approach with the approach of maintaining an error library, for each of the
predefined error types, counters are maintained for the times when an error was possible and the number of
incorrect attempts. After the completion of the event, for each type of error, an estimate is formed:

(12)  Mark _current=1— Count _error/ Count

Here, Mark _ current is an intermediate score that is a number in the interval [0,1] and actually
represents the percentage of attempts by the user that did not make an error. Count is the total number of
attempts, a Count _ error is the number of wrong attempts. To get the final Mark score for the skill in the
interval [-1,1], it is calculated using the formula:

(13) Mark=2.Mark current—1
Taking into account the previous two formulas, for the estimate we get:

(14)  Mark=1-2.Count _error/ Count
In the case where the total number of attempts is 0, we assign the score a value of 0. Once a post-event
error type score is formed, it is reflected in the score for the error type in the user model by the formula:

(15)  Mark _new=(1-K).Mark+ K * Assessment_of the assignment

Here, K is a number in the interval [0,1] and represents the influence that the error type estimate
has on the estimate in the learner model . It is calculated according to the formula:

(16) K=0.5.(Count—1)/ Count
Thus, the assessment for each of the skills contains information from previous tasks and from the last task.
The score is multiplied by 0.5 to limit the unwanted influence that the old score has on the new score.

The calculation of second-type assessments for the level of mastery (or lack of mastery) of
individual units of knowledge is carried out as, the initial value is assigned 0, and after each solved task or
question, the grade is changed according to the formula:

(17)  Evaluation new = (1 - K) . Rating old + K . Problem Assessment
but here problem grade is the grade of the question or task given by the teacher. K is the influence that the
evaluation of the problem has on the evaluation of the unit of knowledge and is calculated by the formula:

(18) K= Problem_Difficulty / Unit Difficulty
the greater the difficulty of the problem (question/task), the greater its influence on the evaluation.

Scores from the interval [-1,1] are interpreted as follows. The closer the score is to 1, the more
certain the system is that the learner has correctly mastered the given unit of knowledge. The closer the
score is to -1, the more certain the system is that the learner has incorrectly mastered the given unit of
knowledge. And the closer the score is to zero, the more the system is not sure of the learner's knowledge.
Such an assessment approach takes into account characteristics of both the "overlap modeling" and "error
library modeling" approaches. The following is meant here: if the assessment is positive, it represents the
level of the learner's knowledge compared to the expert's knowledge (typical of the first approach), if the
assessment is negative, it represents wrongly acquired knowledge (as in the second approach). Based on
these considerations, it can be argued that the presented approach is of a hybrid type.

And they also use counters that monitor the number of used educational resources and the type of
Internet resources visited, which in different combinations can provide a different presentation of the
educational materials. Information resources are evaluated by number, types, etc.
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Emotional state recognition in the user model in an e-learning environment

For the purposes of the research conducted in the dissertation, a software application was
developed for recognizing human emotions based on the image of the face. The developed software is
based on the facial action coding system (FACS) of Ekman and Friesen [27]. The facial expression of
emotions is determined by the muscles involved and the gestures that characterize it. There are certain
distinctive patterns of emotional reactions generalized and shared by most people. They are considered
basic emotions: happiness, sadness, anger, surprise, fear and disgust. Other similar coding systems are
EMFACS, MAX, AFFEX and CANDIDE-3. The developed software and the conducted research are
presented in [57].

Methodology. The first step is to categorize the set photos with images of faces into separate
groups (subdirectories). They are seven in number (including Neutral), and each of them corresponds to a
specific emotion and contains about fifty sample images related to the corresponding emotion. A next
step is to use the DIib library of algorithms to create general-purpose software that is used in many fields.
By using the spape predictor 68 face landmarks.dat file, the faces from the images are marked with
corresponding cardinal points. Based on the set points, in the next step, mathematical calculations are
performed, with the help of which 6 normalized vectors of each face are determined. Each facial feature
vector was calculated by normalizing the data and summing the distances between the marked points. By
means of the "ML.Net" framework, a multi-class classification algorithm based on a Supervised Learning
ML agent is implemented.

After training the model, it can recognize the emotional state of a given image (photo) of a face.
As a result of the work, the program returns a prediction about the emotional state. The analysis of the
results of the metrics for evaluating the accuracy of the model shows that the highest prediction accuracy
is achieved for the emotional states Joy, Surprise and Sadness. Anger state is often confused by the
algorithm with Sadness, Joy or Neutral. The algorithm can be improved by training with a much larger
amount of training data from different types of emotional states. But a balanced data set should be used.

An alternative approach is to apply an Unsupervised Learning algorithm, which examines the
structure of the data without instructions, the training data being unlabeled. Clustering algorithms or Deep
Learning can be used. By applying different classifiers one can experiment with the obtained results to
increase the accuracy, against different groups and categories of data. The goal is to integrate the
developed application into an e-Learning environment and to look for changes in the emotional states of
learners while they are dealing with cognitive tasks in the learning process.

Assistive device for hearing impaired users

A device was designed and experimentally investigated [106] that produces a wide range of
colors and intensity levels to visualize different aspects of sound. For the hearing impaired, sound
visualization provides an enhanced sense of the environment and allows them to interpret and respond to
auditory information in real time.

Software tools have been developed for the analysis of sound frequencies and their conversion
into the corresponding colors in the RGB model. A model of an automated system was created, which
realizes the conversion of sound frequencies into color. The achieved accuracy has been evaluated
experimentally. It was found that the accuracy of the conversion depends on the frequency of the sound.
Error rates have been shown to be higher at high sound wave frequencies (above 1000 Hz). Work should
continue with research aimed at generalizing the models for the conversion of sound frequencies into
color.
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3. 5. A cognitive agent in an e-learning environment

A cognitive agent [24] is autonomous software that has the ability to develop its knowledge.
Given the varying degrees of intelligence, cognitive agents can be implemented based on rules that
develop their knowledge using inference mechanisms built into the system or extract new knowledge
using machine learning and data mining techniques.

Rule Based Systems system built for this study includes the components [89]:

0 Knowledge base (a set of rules) - contains all the knowledge needed by the agent.

0 Base of data: contains the data that is established at the current time.

o The Inference Engine - the interpreter selects and applies the rules that can lead to a change in
the state of the database. Different approaches exist for this purpose: forward chaining, backward
chaining and mixed approaches [89].

0 The base of meta-knowledge - meta-rules defining the relationship between the rules [24]. The
way in which the rules are selected from the set of applicable rules is the strategy for solving conflicts
(Conflict Resolution). In this case, rule priorities are applied, which are dynamic. Dynamic priorities are
determined based on the importance of actions in the current situation. For example: if the learner's score
is high, then a low priority is set to the rule to search for the next task to solve. But if it has a low score,
the rule for solving the next task should have a high priority. The learner has to solve the next problem to
increase his score. The approach is flexible but time-consuming,.

On the other hand, Reinforcement Learning is becoming an increasingly popular type of machine
learning. It is a technique where autonomous agents use trial-and-error algorithms and a cumulative
learning reward function. The advantage lies in the calculation of optimal actions that agents can take
within scenarios determined by the environment. This training is typically applied in the absence of a
predefined "correct" training data set. Such an approach is fundamentally different from the way of
operating in supervised learning, where the goal is to reduce the deviation according to pre-set correct
data (input/output). Training proceeds as a sequence of trial actions that gradually lead to the
reinforcement of good actions and the avoidance of inappropriate ones. The result of the training is an
optimal strategy for action in any situation. A strategy is optimal if it manages to maximize the sum of all
rewards received during its execution.

Formally learning through Reinforcement Learning is considered as [54] :
e A set S including all states of the environment that the agent recognizes.
e Aset A, including all the actions that the agent can perform.
e A set of rules for transitions between states.
e Rules that determine the R - rewards that an agent can receive in transitions.
e Rules that describe what the agent abides by.

A specific task set in the dissertation is to analyze and compare the behavior of two agents
implemented on the basis of two different approaches based on machine learning. The results of the
conducted research and the software developed for the purpose are presented in [58]. For analysis
purposes, a game was created that provides a platform and generates x number of bombs and coins on it.
The game creates two agents represented as two different balls on the platform - red and blue. The
platform has no surrounding walls, which means that the balls (agents) can fall. If an agent falls, they lose
the game. Each agent can collect coins, with each coin earning the agent a point. If an agent touches a
bomb, they lose a point. The game ends when the coins run out or when an agent falls off the platform.
The agent with more points wins the game.

An agent, represented by a blue ball in the game, maintains behavior based on a system of rules
created by the programmer and built into the system's knowledge base. In this case, the Rule-Based
System approach is applied when building the game. On the other hand, an agent represented by a red ball
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is implemented based on the machine learning approach with Reinforcement Learning. With it, the
artificial intelligence learns by itself what is the best action in each situation and optimizes the decisions it
makes over time.

The differences in the behavior of the solutions created by the two chosen approaches are
examined. The hypothesis is that an agent implemented with machine learning through Reinforcement
Learning will have more diverse behavior and, after sufficient training time, will perform more efficiently
than an agent implemented as a rule-based system.

Red ML-Agent: 0 e I .
Blue RBS: 0 ~ I
y
IR 3
. : :
) *
.

Figure 21. View of the developed software

The reason for choosing Reinforcement Learning is the wide use of this approach in the gaming
industry [54]. More experimentation and understanding of this type of machine learning is helping to
expand the scope of its use in modern learning environments. On the other hand, the alternative to rule-
based systems is an approach that has time-proven its advantages and effectiveness for quickly achieving
the set goals. The project [58] was created using the Unity platform, along with Unity Technology 's ML-
Agents machine learning agent development suite. This package provides a variety of training and
validation scenarios. Each agent can have a set of states and observations, take actions in the
environment, and receive rewards for events in it.

e Research methodology.

The first Reinforcement Learning agent was created by inheriting from the Agent class .
Redefined the OnEpisodeBegin method, which sets the initial parameters for the game (coins and bombs
and their positions). Redefining the CollectObservations method provides passing current direction
information to the nearest coin. OnActionReceived method sets the allowed movements of the agent. A
Ray Perception Sensor component allows the agent to observe objects in the game world by receiving
information about coins and bombs in the area and observing where the platform ends. ML agent is the
main class in this project, it determines where coins and bombs are generated, keeps track of the score
and determines the winner at the end of the game. When an agent touches an object, the action is detected
and the "OnTrigger” function is called, which allows to see which object the agent came into contact
with. The score increases on contact with a coin and decreases on contact with a bomb. The current score
screen shows the scores of both agents.

The second agent, based on a rule system, is implemented through the RBS class, and the agent's
behavior is set by the implemented methods in the class. Depending on the scenarios, the rules apply: "If
there are coins on the platform, go get the nearest one"; "If the other agent is near the end of the platform,
try to knock him off the platform"; "If the RBS agent has more coins than the other agent, he should not
be afraid of the bombs to finish the game faster and not allow the opponent to collect more coins. Rule
enforcement is based on the forward chaining approach.

CONCLUSION: Reinforcement Learning agent gradually learns what is the best action in any
given situation and optimizes the decisions it makes over time. It initially works inefficiently, but over
time it will optimize its actions. On the other hand, provided that good enough rules are created, a Rule-
Based System 1is a programming task that can support very complex behavior. An interesting trend in
more complex applications is the joint application of Reinforcement Learning with supervised and
unsupervised learning, if the methods used alone do not give a good enough result.
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3. 6. Models for hierarchical multi-component assessment of learners

New models for hierarchical multicomponent assessment of learners are presented here , which
aim to comprehensively assess various high- and low-order thinking skills, theoretical knowledge and
practical skills, etc.

Bloom's taxonomy [13] defines a hierarchy of thinking skills in which higher levels of thinking
include all cognitive skills from lower levels. The levels are structured as: Knowledge, Comprehension,
Application, Analysis, Synthesis and Evaluation. Each level is defined by multiple cognitive skills,
activities and assessment methods. It is considered that in the learning process, the learner passes through
all levels sequentially. A generally accepted classification defines the skills from the upper three levels of
Bloom (Analysis, Synthesis and Evaluation) as higher-order thinking skills (HOTS), and those from the
lower three levels (Knowledge, Comprehension and Application) - as lower-order thinking skills (LOTS).
HOTS includes critical thinking abilities, knowledge and skill transfer skills, problem solving skills, etc.
[15]. Student assessment must be objective, and in many cases it is difficult, especially when it comes to
assessing HOTS, which require creative thinking. This motivates work in the direction of creating
complex multi-component models for evaluating student achievements [36].

A modeling of the hierarchical organization of evaluation components and the dependencies
between them, which the evaluator explicitly or implicitly uses in evaluation, is proposed. For example,
in multiple disciplines, the main assessment components are 'practice' and 'theory', and in the terms used
here: thinking skills, their respective sub-components can be theoretical and practical LOTS and HOTS.
On the other hand, if we choose HOTS and LOTS as main components, they could have sub-components
for assessing theoretical knowledge and practical skills. The creation of a specific hierarchy of
components and subcomponents can be done using pre-standardized models selected by the evaluator.
Given enough input-output samples and effective neural network training, the results obtained can reflect
this hierarchical organization, even without it being explicitly specified.

3
Level m Vmai e @
'._\Vm_1 Lo
Figure 22. a) Model 1: Hierarchical tree-like organization Figure 22. b) Model 2: Hierarchical graph organization

of evaluation components of evaluation components

In Fig. 22 a) a general Model 1 of a hierarchical tree-like organization of evaluation
components is presented, in which each main component, in particular the final evaluation, depends on
many sub-components of the previous level. In doing so, each sub-component affects only one higher-
level component.

Model 2 of a hierarchical graph organization of evaluation components (Fig. 22 b), extends and
generalizes the capabilities of Model 1, with the possibility of one component influencing multiple
components of arbitrary levels and depending on components of various lower levels.
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The presented models can be used in many different scoring approaches where the final score is a
function of multiple scoring components. The main characteristics of the proposed models are:

- Level 1 of the component hierarchy describes specific values from conducted evaluations,
which can be with different evaluation scales. Examples of such values are: theory and practice test
scores; scores from skill tests, grades from assignments, projects, and more.

- At each subsequent level, the components form a score that is a function of the scores of its
subordinate sub-components from the previous level. In particular, all or part of the functions may be
fuzzy logic.

- At the last level there is one component k m=1, but not required. There may be several final
grades, e.g. for different cognitive skills assessed. Thus k m>1.

A possible option for Level 2 features is to normalize all Level 1 component values to a common
scoring system (eg 2 to 6). Similarly, the functions at each subsequent level could preserve the normality
of the parent components in the corresponding rating scale.

Typically, the evaluative sub-components have values in the space of positive real numbers R*.
In different evaluation approaches, the values may also be in other real, complex, or other number spaces.
The final score Enecessarily belongs to a space of predetermined possible values — for example, it must
be an integer in the interval from 2 to 6, from 1 to 5, from A to F , etc.

In the formal mathematical description of Model 1 and Model 2 , any level with number i owns
k; of number of components defining the set:

(19)  Vi= (v, iz Vi) ER¥,k; ENi=1,..,m

Level 1 components are specific values obtained during evaluation. At each subsequent leveli =
2...m values are obtained as a result of applying functions to the components of the previous level. In
Model 1, the number of components in a given level decreases or is kept equal to the number of
components in the previous level kg < kg_4,s = 2,...,m, which is a consequence of merging sub-
components into components. The number of summarizing functions and, accordingly, of the
components, can increase in certain levels in Model 2.

The values of the components, after level 1, in Model 1 are calculated as a function of the
values of the components of the immediate parent levels:

(20)v;; = fij(Pi=1), Pic1j = (vi—l,slvvi—l,sz' ---vvi—l,s]-) C Vi,
Vi=2,...m, j=1,..,k; 5j < k;_4 and
the components of V;_;occur only once in a while P;_ ;.
In Model 2, parameters of the functions at a given level can be arbitrary evaluation components
from all previous levels, thereby dropping many restrictions:
@) vy =£,;@,Q UL, Vi=2...mj=1..k.

An experiment using fuzzy logic in hierarchical multicomponent scoring

In the experiment conducted in the discipline "Programming on the Internet" , through four exam
components, we evaluate theoretical knowledge and practical programming skills:
e tLOTS — theoretical LOTS, evaluated by points in interval [0, 30];
e pLOTS - practically LOTS, the score is an integer in the interval [0, 15];
o tHOTS — theoretical HOTS, the estimate is an integer in the interval [0, 15];
e pHOTS — practically HOTS, the score is a real number in the interval [2, 6] .

pHOTS assessment is formed by a practical task and is in the interval [2, 6]. The points of the
remaining evaluation components are formed when solving a test in a paper or electronic version. The
final grade finalNis an integer on the grading scale [2, 6], i.e. finalN € [2,6] c N. Based on Model 1 of a
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hierarchical tree-like organization of evaluation components, we define two main possible options for
formalizing the logic of the evaluator for assessment in the discipline (F

ig. 23). If necessary, by defining additional connections/dependencies between components at
different levels, we can move to Model 2. In practice, in different situations, other options can be created
and experimented with. What is important in all cases is to determine the hierarchy of components and
relationships between them, as well as the set of their corresponding aggregating functions, for the given
assessment.

Main components forming the final assessment in Option 1 for theoretical-practical hierarchical
multicomponent assessment are theory and practice (Fig. 23 a). Sub-components of the theory are the
normalized forms of the primary components tLOTS and tHOTS, and in practice — the normalized forms
of pLOTS and pHOTS. The purpose of the normalized forms is to reduce the primary components to the
same rating scale (in this case from 2 to 6), so that they are presented to the evaluator's thinking
frameworks for the evaluation.

On the other hand, in Option 2 for HOTS - LOTS hierarchical multicomponent evaluation (Fig.
23 b), HOTS and LOTS are adopted as main components, a their sub-components are respectively the
normalized forms of the practical and theoretical HOTS, and the practical and theoretical LOTS.

Figure 23.a) Option I: Theoretical-practical hierarchical Figure 23, b) Option 2 : HOTS - LOTS hierarchical
multi-component assessment for Model 1 multivariate estimation for Model 1

In both modeled versions of the first functional level, the forms of the main evaluation
components are normalized. Specific normalization functions may follow a liberal or strict scoring
approach, or their modification, depending on the appraiser. In the liberal approach, the points of the
primary components are reduced to the interval [2, 6]:

22.1) ItLOTS|| = 2 + 4 “:OTS
(22.2) ItHOTS|| = 2 + 4 t”l'fs
(22.3) IpLOTS|| = 2 + 4“105”
(22.4) lpHOTS|| = pHOTS.

In the strict scoring approach, the points are initially plotted in the interval [0, 6]. Scores below
2.5 are rounded to 2. Accordingly, membership functions for the second-level components are:
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(23.1.1)

(23.2.1)

(23.3.1)

(23.4)

2, 6“300” <25
[|tLOTS|| =
tLOTS’ tLOTS 2 25
30 30
2,6 “*1';” <25
||tHOTS|| =
tHOTS’ 6tH0TS 2 25
15 15
2, 6“10;5 <25
lpLOTS|| =
6pL0TS’ ¢ PLOTS >25
15 15

lpHOTS|| = pHOTS.

Represented by IF - THEN logic, the formulas look like this:

(23.1.2) ltLOTS||: IF 6 “300” < 2.5 THEN |[tLOTS|| IS 2
tLOTS
ELSE ||tLOTS|| IS 6 ———
30
(23.2.2) ItHOTS|: IF 6 2= < 2.5 THEN |[tHOTS]| IS 2
tHOTS
ELSE ||tHOTS|| IS 6 —¢
(23.3.2) lpLOTS||: IF 6“1‘;” < 2.5 THEN ||pLOTS|| IS 2
pLOTS
ELSE |[pLOTSI| IS 6

Arithmetic average values from the sub-components are not always a good solution and therefore,
a subjective judgment is reached by the evaluator. There are many specific cases that need to be

formalized to describe the logic of the estimator. Some of the considerations used in our assessment to

assess the practice component are as follows:

e If pHOTS or pLOTS is 2, the score of the practice component is at most 3, even if the other sub-

component has a score of 6.

e Ifthe pHOTS score is high, and pLOTS is low, doubts arise about dishonest actions of the student
when solving the task forming the pHOTS assessment. Then, we set the score to be lower than
the arithmetic mean. This happens most often when pHOTS is close to 6 and pLOTS is close to 3.
e If pLOTS is high and pHOTS is low, then the knowledge shown on the test ensures that the
student has the necessary foundation for future development in the discipline. Although it did not
perform well in solving the task, it deserves a boost within reasonable limits. They must be pre-

formalized with precise numerical values and rules.

Similar considerations apply to theoretical knowledge. That being said, high tHOTS scores are

well tolerated even with the partial lack of tLOTS theoretical knowledge.

The rules used in the experiment for setting the assessment of practice and theory in Option 1 for

theoretical-practical hierarchical multicomponent assessment are:

(24.1) (practice(||pLOTS||, ||[pHOTS]||):

IF lpHOTS|| + llpLOTS]|
2

< 2.5THEN practice IS 2

ELSE IF ||pLOTS|| = 2 OR ||pHOTS|| = 2 THEN practice IS 3
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ELSE IF (|[pHOTS|| — lpLOTS|])

2

. lpHOTS|| + llpLOTS]||
= 2THEN practice IS - 0.5

HOTS]|| + ||pLOTS
ELSE practice IS <|Ip I+ llp ”)

2

(24.2) theory(||tLOTS||, ||[tHOTS|)):

[[tHOTS|| + |[tLOTS]||
IF > < 2.5THEN theory IS 2

ELSE IF (||tHOTS|| — |I1tLOTS|])

|[tHOTS|| + |[tLOTS]||
= 2THEN theory IS +0.3

2

2

|[tHOTS|| + |[tLOTS]|
ELSE theory IS

To determine the final grade in the presented Variant 1, it is applied that theory and practice are
equal and the rules are formulated as:
(25)  finalR(theory, practice):

theory + practice )
> < 2.5THEN finalR IS 2

ELSE IF theory = 2 OR practice = 2 THEN finalR IS 3
theory + practice)

2

ELSE finalR IS (

The final grade finalNis determined by rounding finalRto the nearest whole number:
(26)  finalN(finalR) = ROUND(finalR)

Determination of HOTS ratings and LOTS in Option 2 for HOTS - LOTS hierarchical
multicomponent assessments are also subject to similar reasoning and can be customized depending on
the views of the particular assessor.

The formulas for evaluating the practice components and theory (24.1) and (24.2) are consistent
with Model 1, therefore only components from the previous level are involved. In certain borderline
cases, it is appropriate to use higher-level subcomponents and use Model 2.

An advantage of fuzzy logic in scoring is the ability to achieve accurate automated scoring
according to the subjective logic of the evaluator. A major drawback is the difficulty for non-specialists to
formalize the rules for forming the assessment.

CONCLUSION: the use of fuzzy logic guarantees obtaining correct estimates, with correctly
written rules, while the use of artificial intelligence methods requires a sufficiently large number of
suitable input-output samples for training. It should be noted that all automated approaches require
teacher monitoring and control of the formed assessments. The proposed hierarchical multi-component
assessment models aim at comprehensive assessment of various high- and low-order thinking skills,
theoretical knowledge and practical skills, etc. They allow the use of fuzzy logic and can be adapted for
use in assessing different disciplines, in different age groups.
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CHAPTER 4. GENERALIZED NET MODELS IN A VIRTUAL EDUCATIONAL SPACE
4.1. A model of the processes of personalization and usage of an e-Learning environment

The purpose of the virtual educational space is to integrate the real learning process with the
virtual built world in an intelligent way. Educational spaces should provide opportunities for: active and
interactive participation; teamwork; searching and sharing information; discussion and presentation;
producing new knowledge; supporting the activities of learners and trainers; connection with experts and
last but not least personalization of training. The infrastructure of the educational space includes:

e Building elements of space - can be: learners, trainers, administrators, personal assistants,

digital libraries, electronic services, etc.
e [Interconnections - existing relationships between the building elements, ensuring their

joint work when operating in space.
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Figure 24 . GN model of the processes of personalization and usage of a learning environment
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A series of models related to monitoring and analysis of learners' activities in an educational
environment have been created, presented in the publications [60, 70, 72, 97]. The generalized models for
working with big data in a virtual laboratory space were created in [62, 63, 71].

A model through Generalized Net (GN) of the processes of personalization and usage of a
learning environment is presented here (Figure 24). In this model, the students (learning objects) are
interpreted by o-tokens, the trainers are interpreted by t-tokens, the serving administrative staff (study
department inspectors) by a- tokens, the training courses (SCORM-packages) in the e-library by A-tokens,
the electronic services provided by the e-learning environment through 2-tokens and software agents, in
the role of personal assistants to learners through f-tokens.

This model is a minimal reduced generalized network model [8, 9]. The dissertation gives a
detailed description of the individual transitions.

The generalized net model consists of 11 transitions:
Z | — entry of a new student (learner) into the electronic learning environment;
Z > — entry of a training teacher into the electronic environment;
Z 3— training service from an administrative training department;
Z 4— introduction of new training courses in the electronic library;
Z s— work with electronic services offered by the educational environment;
Z ¢— selection of a training course by a student in the e-Learning environment;
Z 7—new training course administration process;
Z s— work process of the agent (personal assistant of the student);
Z 9— student training process for the selected electronic course;
Z 10— process of evaluating the student's education in the chosen course;
Z 11— process of building educational content of an electronic course.

CONCLUSION: The created GN model [68] enables the tracking of personalization processes
and the use of various intelligent tools for e-learning. Information about learner preferences and learning
outcomes can be extracted. Based on the model and accumulated statistics from real data, assessments can
be made and trends can be detected for the development of processes related to e-learning and its service.
Additional model parameters and additional characteristics of the tokens can be introduced, taking into
account the factors affecting the learning process, in order to increase the interest of the learners. The
active participation of learners in the process of acquiring knowledge and acquiring skills can be greatly
influenced by the quality of the educational space used.

4.2. A model of the process of data mining tools application in an e-Learning environments via
Generalized nets

The created generalized net model describes possibilities for choosing and applying appropriate
techniques for extracting knowledge from data in learning environments [59].

This model is a reduced generalized network model, but of a higher order than the model
presented in Fig. 24, where an activation condition is defined for each transition. A boolean expression is
set, if the value is "true" the corresponding transition can be activated, if it is "false" - no. The model
presented in Fig. 25, contains 5 transitions and 21 positions, grouped into two groups and associated with
two types of tokens that enter the corresponding types of positions: a-tokens and /-positions represent the
process of extracting knowledge from the data, - tokens and #-positions represent the criteria for limiting
means and choosing appropriate techniques for extracting knowledge from data. For brevity, the notation
o- and f- tokens instead of ;- and f; - tokens, where i, j are the numbers of the respective tokens.
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Initially, an S — token stands at position ¢ ¢ with an initial characteristic:
"means available to extract knowledge from data".

At the next transition from the functioning of the net, the -token splits into two tokens. The
original B-token will continue to stay at position ts, while the other B-token will move to the transition Zs,
passing through the transition Zs.

The kernels ap and ai, entering to the net through positions /o and /i, receive characteristics,
respectively: "initial hypotheses";

"initial data".

Tokens S and f» enter to the net through positions # and #. These tokens receive initial
characteristics respectively:

"a new technique for extracting knowledge from data",
"criteria for selecting a data mining technique".
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Figure 25. GN model of the process of data mining tools application in an e-Learning environments
The dissertation gives a detailed description of the transitions.

CONCLUSION: Integrating learning systems with data mining tools is necessary for the process of
customizing e-learning and distance learning courses. Based on the obtained results, additional measures
can be introduced to analyze and change the training courses and the analysis criteria. This, in turn, is a
way to increase the quality of higher education.

Abstracts of Dissertations 2023 (9) 3-60



Application of data science in the virtual educational space 39

4.3. A generalized net model of a multicomponent evaluation process

The objective assessment of students' knowledge and skills has many characteristics: true score,
reliability and validity, honesty, differentiation, comprehensiveness of the assessment, etc. [91]. It

provides educators with a better opportunity to both assess learner learning and analyze teaching

effectiveness. A generalized net model of the multi-component assessment process was created, which
includes six stages:

1

Creating a meta-model of a test. The meta-model defines types of assessment components
defining what knowledge and skills are assessed according to a specific taxonomy and
assessment models.

Create a test pattern. The test model includes characteristics for the target group, the subject
of study, the start and duration of the test, etc. On each type of evaluation component of the
meta-model is assigned a corresponding number of test units.

Test Setup. Specific test items are asked, which are entered or selected from a database of
questions. For each specific test unit, it is indicated to which type of assessment elements it
belongs. The specific trainees also ask.

Conducting the test is a process where specific tests are generated. They include the model-
specified number of test units of each type. Learners enter their answers and solutions.
Evaluation process. It includes automatic scoring of the test according to the selected model
and manual scoring of the open questions and tasks, if any.

Analysis of the results and evaluation of the test. The test creator uses the results to evaluate
the test and the effectiveness of their scoring approaches.

The GN model describing the process of modeling and constructing tests for multi-component
assessment of the knowledge and skills of learners [43] is presented in Fig. 26. This model is a minimal
reduced generalized network model and contains the set of transitions:

A:{Z],Zz,Z3,Z4,Z5,Z@},Wh€I‘C§

Z 1 — creating a meta-model of a test;

Z »— creating a test model;

Z 3— test configuration;

Z 4— conducting testing;

Z s— assessment process;

Z ¢— analysis of the results and evaluation of the test.
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Figure 26. GN model of a multicomponent evaluation process
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Tokens are used to describe the processes in the model:

e a- tokens interpret users - administrators, test creators, question authors, learners;

e P- tokens — types of assessment components, to assess practical or theoretical skills, low- or
high-order thinking skills, skills categorized according to a specific learning taxonomy, etc.;

e v- tokens interpret evaluation models — weighted average evaluation of components,
evaluation based on weight coefficients, fuzzy logic, etc.;

e 0-token — test meta-model;

e 1-token — test model,

e A-token — data bank with test questions;

e u-token— evaluation component (for example: test question, assignment, case study, etc.).

The process is started by a system administrator, represented by a- token, which enters to the net
through position 1; with initial characteristic:
" unique identifier and user name of the software system".

In position 1,, a request is launched to create a new test meta-model, using a 6- token with an
initial characteristic:
"unique identifier and name of test meta-model".

In position I3 cycles a- token with characteristic:
"list of available software system users".
In position 14 and in position Is cycle B- token and y- token, respectively, with characteristics:
"types of assessment components" and
"available assessment models”.
The dissertation gives a detailed description of the transitions.

CONCLUSION: A generalized net model is proposed, which aims, on the one hand, to generalize
the assessment process, and on the other hand, to enable customization of the way of forming tests and
assessment during training [43]. This has been achieved by defining meta-models and assessment models
that set frameworks for creating specific tests and approaches to their assessment. The development of a
software system implementing the described process will provide educators with a flexible platform for
experimenting with various standard and proprietary approaches to test construction and student
assessment.

4.4. A generalized network model of the processes in project-based learning

In its essence, project-based learning is a pedagogical model of interdisciplinary activities aimed
at real problems [11]. Basic skills that the trainees form are: to learn to identify the stages in the
development of a project, to plan their activities, to respect the planned deadlines, to work together with
other team members, to evaluate the activities of other team members, to self-evaluate the actions
themselves, to participate in the discussions on the topic of the project, forming and defending their own
ideas and skills with arguments.

Project work management process in education

Successful management depends on the head of the discipline: he can allocate tasks for
implementation, create a schedule for work, control the execution of subtasks and monitor the overall
work. For this purpose, meetings can be held to present the current results and discuss the activities or
work in a suitable interactive environment such as: Moodle, Acolad or an environment based on Wiki
technology.

(1) The main activities of project definition
The main activities of project preparation and planning are formalized as:
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- Task specification for a specific project.

- Defining the sub-tasks, the time, for execution and who will deal with them.

- Defining and allocating resources.

- Managing the execution of tasks.

- Collection of various data for statistics and to measure the development of the project.
- A description of the possible risks for the project and a plan for its management.

- Generating various reports for the work on the project.

(2) Planning teams (groups)
Main activities related to the planning of the groups working on the projects are:
- Determining the number of participants in a team for a given project.
- Defining the structure of the team.
- Designation of a leader (designated by the teacher or chosen by the participants )

(3) Setting the task before the students
When defining the project, the following must be presented to the students :
- preliminary information;
- the task set in an interesting and motivating way,
- a step-by-step description of the process when performing the task;
- a set of recommended information sources;
- guidelines for organizing and storing information;
- ways and criteria for evaluating the performance of the task.

(4) Activities of trainees performing projects

During the implementation of a project, the trainees have to: specify the question or task (for
example, specify or summarize it); collect and analyze data from various sources; share, generate and
discuss different ideas; make their own reasoned assumptions, hypotheses and predictions; conduct and
analyze their own experiments; create artifacts (abstracts, databases, multimedia, models, prototypes);
make proofs, generalizations and inferences; communicate and present their ideas and discoveries to other
people; raise new issues for consideration and problems.

(5) Inspection and evaluation
Checking and evaluating the results of project work includes:
- determining what exactly will be checked;
- determining by what means the inspection will be carried out;
- correctly cited sources;
- the public appearance as a natural conclusion for the developed project.
If the teacher uses a data repository in which information about past projects has been collected,
then after completion of work on current projects, the database must be updated. The accumulated
information can be used to gather statistics about the students' skills and the study group as a whole.

Modeling the learning process through project work

In the generalized net model presented in Fig. 27, tasks (projects) are interpreted by a-tokens,
teachers are interpreted by [-tokens, learners (learning objects) by y-tokens, evaluation criteria
respectively by d-tokens [65]. This model is a minimal reduced generalized net model.
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Figure 27. GN model of the processes in project-based learning

The GN model consists of 11 transitions with the following meaning:
Z 1= Preparation for project-based learning
Z > = Start concrete project-based learning
Z 3= Forming teams of students
Z 4= Defining the tasks for each team
Z s= Define the sub-tasks of each project
Z ¢= Distribution of subtasks by team members
Z 7=Work on a specific subtask of the project
Z 3= Work process on the overall project
Z 9= Completion of project work
Z 10= Presentation and protection of the project
Z 11 = Evaluation of projects

The dissertation gives a detailed description of the individual transitions.

CONCLUSION: The characteristics and possibilities of project-based learning in addition to
traditional pedagogical approaches have been examined. A generalized net model of the learning process
is built by developing a project [65]. The model serves to analyze the possibilities of working on projects
adapted to the knowledge and skills of the students, the development of which leads to the integration of
knowledge acquired in different courses of the study. The integration of project-based learning with the
possibilities of electronic and web-based learning make the learning process more attractive and more
diverse for students.
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4.5. A model for the gamification of an e-learning course

Gamification of learning aims to integrate game elements and techniques into the e-learning
process to support learning content. These games have educational, training or informational purposes.
Gamification proposes that the learning process be organized into game levels (locked or unlocked with
entry requirements) that present different sections with learning resources and activities to go through.
The training course is introduced with an interesting context (plot/story) of the activities to be performed.
Learning rules are introduced as game rules. Each level includes challenges - learning activities that must
be completed to achieve the level's learning objectives. Some of the assignments are individual and others
are collaborative, where learners work in teams.

For completing some activities, learners receive expected bonuses (e.g. points). For achieving a
set of requirements, trainees can receive badges: Champion, Superstar, Adventurer, Explorer, etc. For
excellent results or for performing a specific activity, they can receive unexpected rewards (additional
interesting information, points/rating, material rewards (virtual objects) etc.). For a specific completed
activity, benefits can be obtained as a combo (help, recommendations, more detailed examples, double
points from an activity, etc.). Some of the learning items may be locked (hidden treasures) and unlocked
when learners meet certain requirements.

Learners can participate in the gamified course with a specific game role, which also has a visual
representation through an image (avatar). Based on the collected points and the current playing level, the
learners are ranked in the ranking, where they can be the leading participants in the learning process.
Throughout the process, learners have access to information about their learning progress as game
progress and at any current moment about their status (game level reached, points earned, badges and
other rewards).

A number of models have been developed to track the learning process and student outcomes [74,
78, 99]. The use of artificial intelligence methods enables prediction of results and partial automation of
the evaluation process. A generalized network model for the processes of selecting and building a suitable
E-Test system is given in [59]. A new approach for forming current assessments of learners' knowledge
and skills based on fuzzy sets is presented in [39]. The current model generalizes these models and
extends them with opportunities to implement modules for gamification of learning and to track learners
as they work through a gamified course.

The created generalized model of the process of gamification of a training course is a minimal
reduced generalized net model [69] and contains the set of transitions:

A={Z1,22,23,2Z4,Z5,Z¢},

where:

e Z—Creation of a model and gamification of training;

e Z,— Defining rules for learning in a gamified course;

e 73— Conducting training with the electronic course;

e 74— Appraisal of trainees and awarding;

e Zs—Ranking and analysis of student results;

e Z¢— Learning analysis and course evaluation.

The following tokens are used to describe the processes:
e o- token - users of the learning environment (administrators, teachers, students);
e P-token — e-learning courses and gamification tools (plugins, software components, etc.);
e y-token — evaluation models;
e n-token — data on the training objects during the training;
e k—token — specific data for the gamified modules for the learning objects;
e u-token - rules and criteria for applying game elements and awarding.
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The generalized net model of the process of gamification of a training course is presented in Fig.
28. The dissertation gives a detailed description of the individual transitions.
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Figure 28 . A generalized net model of the gamification process of an e-learning course

The gamification of training is divided into two main types: structural change of a training course
and content change of a training course.

With the structural change, the learners go through the standard learning resources, but various
game elements are included in the course, such as: points, badges, leaderboards, avatars, medals and
awards, etc.

In case of substantive change of a training course, game techniques are used to present the
training content in the form of rules, levels and skills. For example:

- The rules of the learning process can be considered as the rules of a game;

- Mission/Challenge/Adventure — can be all the learning activities that the learner has to carry out
within the learning course and to them can be added a game plot that describes the purpose of the
mission;

- Hidden treasure - hidden learning resources that can be found/opened only when certain
conditions are met (for example, when completing a mission);

- Plot/ Story — the learning process, can describe a story with missions to complete.

Games have a strong motivational mechanism to achieve more effective learning. Examples of such
environments are: GENIE, The Knowledge Arcade, TalentLMS, Frog, Expertus One, Accord LMS,
Axonify, etc. [6, 44]. These systems are not freely available, but are offered as paid software. The Moodle
environment provides opportunities to create a personalized learning environment and supplies a set of
open source support tools, such as gamification modules can be used: LevelUp, Ranking block and Stash.

The created generalized network model of the process of gamification of a training course offers a
solution to one of the problems formulated in the book of Academician Krasimir Atanasov "Generalized
Nets and Intuitionistic Fuzziness in Data Mining" [34].
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4.6. Models for quality assurance and accreditation of higher education

Quality assurance in higher education is a continuous process that requires a lot of effort on the
part of educational institutions and accrediting organizations. There are two main forms: internal and
external quality assurance. Higher education institutions build internal quality assurance systems by
establishing their own rules and criteria for evaluating the educational process. They are also subject to
external evaluation - accreditation, which is carried out by licensed national and international
agencies.

The need for commensurability of the quality of higher education in the European Union
motivates the definition of uniform quality standards. In 2005, Standards and Guidelines for Quality
Assurance in the European Higher Education Area (ENQA) were developed . The document (ESG) [18]
contains numerous standards and guidelines for their implementation. Bulgaria is one of the countries that
apply the ESG standard. Quality assurance of higher education in Bulgaria is carried out by the National
Assessment and Accreditation Agency (NAAA) [2]. Quality assurance procedures follow a general
scheme and include basic activities: self-assessment, expert group visit, assessment and post-accreditation
control.

Assessment and accreditation procedures of higher education should be a natural and integral
part of the educational process and should be carried out without much effort, imperceptibly for
students and teachers. For this purpose, it is necessary for educational institutions to maintain
repositories with up-to-date information about their activities, and accreditors - to provide software tools
for automated quality assessment, agreed with the information in the national center for information and
documentation (NCID). Models of the current state have been created in [40, 43]. A general model of the
current state is presented in Fig. 29.
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Figure 29. Model of the processes for preparing a self-assessment report by higher schools
a) Model without university software QA quality b) Model with a university software QA quality
system system

Many higher education institutions lack a system supporting the creation of a self-assessment
report (Fig. 29 a). The allocation of tasks for its preparation becomes hierarchical: NAOA opens an
accreditation procedure and informs the university; the accreditation commission allocates tasks for
drawing up references and preparing texts for individual standards; units collect information from various
registers, university software systems and also non-digitized information. The creation of the self-
assessment report is difficult due to the need to summarize the data provided in different formats and bring
the texts into a common document. The availability of tools supporting the activity (Fig. 29 b) provides
opportunities for: control and tracking of activities; automation of access to references, etc.
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4.6.1. A weakly-centralized centralized accreditation model

One possible approach to automation of accreditation procedures is by building a centralized
system of the accreditation agency and independent university quality assurance systems (Fig. 30).
Each university QA system automatically retrieves the required credential data from university
repositories [45]. Another part of the information is entered by university officials. At a certain point, the
information from the university's QA system is exported to the QA system of the accrediting institution.
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Fig. 30. A loosely centralized accreditation model
a) Main systems and communication interfaces in the b) Main systems and communication interfaces in the
accreditation process of a higher education institution accreditation process in the higher education system

The advantages of this approach also determine its disadvantages. The creation of a proprietary
solution or the maintenance of a standardized application by universities requires the presence of
specialized IT specialists in each higher education institution. Establishing a standardized university QA
system is a labor-intensive task that must accommodate the presence of many different university
repositories and other software systems.

4.6.2. A highly centralized accreditation model

The highly centralized model offers the use of a centralized cloud system for accreditation. The
system supports a module for both the agency and configurable modules serving the accreditation
processes for individual higher education institutions. The use of a single system implies simplified
integration between the main modules, user-friendly software update, possibilities for integration of
future software extensions, creation of dynamic analyzes and references on the data provided by all
institutions [40].

The main purpose of the described models is to offer a platform that facilitates the work of all
participants in the assessment and accreditation procedures - on the part of the trainers and on the part of
the accrediting institutions. The use of software systems based on the proposed models has many
advantages: centralization of evaluation processes, which facilitates their administration and monitoring;
providing a common platform for team asynchronous work of users with different rights and
responsibilities; possibility to work at any time and from any place; facilitated communication and
transparency; automated documentation generation; optimization of time and material resources; reduce
the probability of making mistakes, etc.
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4.6.3. A generalized net model of data processing in self-assessment in higher education

A model of a centralized system for quality assurance of higher education was created in [42]. A
generalized net model of a quality assurance system in a higher education institution is presented in [41].
Here, a minimal reduced generalized net model describing the data processing of a self-assessment
procedure in a higher education institution is created, which contains the following set of transitions:

A=1{Z\,Z:,Z5,Z4},
where:

Z — Collection of data from various sources;

Z >— Data Integration;

Z 3— Data processing for the requirements related to the criteria system;

Z 4— Preparation of self-assessment report and relevant attachments.

The following tokens are used to describe the processes:

* a-tokens — data on the activities of the higher school;

* B-tokens — members of the administrative and academic staff, members of the quality committee
and the group for preparing the self-assessment report;

* u-tokens — criteria and criteria system of the accrediting institution;

* n-tokens — a data repository with up-to-date information on the activities of the higher school,
necessary for the preparation of a self-assessment report;

» y-tokens — data processing tools;

* o-tokens — data requests from user/application.

-
-
—a N
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Figure 31. GN model of data processing in self-assessment in higher education institutions

The generalized net model describing the data processing in the self-assessment procedure in the
higher education institution is presented in Fig. 31. The dissertation gives a detailed description of the
individual transitions.

CONCLUSION: A formal model is proposed describing the means of data collection and
processing of a self-assessment procedure in a higher education institution. This model can also be
developed by using a hierarchical operator (H3 from GN theory) that replaces a given transition or
position with a sub-net that has the same but described more detailed element behavior. Based on the
created generalized net model and collected data from real processes, behavioral patterns and
performance analysis of individual components can be discovered.
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CHAPTER 5. SOLUTIONS OF SCIENTIFIC APPLIED PROBLEMS IN EDUCATION

Results of applications of the research and analysis in an educational environment are presented in
several author publications. Methodical techniques for introducing basic concepts in courses for students,
adapted to the knowledge and specialties of the learners, are proposed in [64, 81]. How to follow current
trends in data analysis courses by solving appropriately selected real-world problems and tasks is discussed
in [67]. An approach to presenting concepts and standards for information security in higher education is
proposed in [73]. Programming with reactive blocks is presented in [66] for Internet of Things courses. In
[98], the difficulties in learning by deductive methods for program verification and synthesis are analyzed.
Trends in the education of software engineers are presented in [34, 35]. This thesis chapter summarizes
findings from these publications and proposes key curriculum elements and approaches for introducing
data science core modules and tools in Higher Education.

5.1. Data Analysis curriculum

In determining the content of the course taught, each major and specific major should focus on
the goals they set for their student education. On the one hand, applied majors emphasize the ability of
students to be able to choose appropriate software for data analysis. In other majors, the emphasis is on
learners to master basic algorithms for data analysis, machine learning and artificial intelligence. The
student should be able to construct models to analyze an existing situation and future forecast, learn how
to use various artificial intelligence techniques to detect anomalies and create optimal models. In the most
ambitious plan, after completing the training the student must be able to manage the entire data
cycle and extract knowledge from it using methods of data collection and analysis and use of
appropriate algorithms and data management systems.

Taking into account the specifics of training in the direction and specialty, the curriculum of the
discipline related to data analysis can emphasize different aspects. The following is a proposal of core
modules that may find a different place in training in the discipline of data analysis (regardless of the
specific name).

(1) Preliminary Preparation. Students should have taken the core courses in programming,
mathematics, probability theory and statistical methods, databases, artificial intelligence, discrete
mathematics, data structures and communication to enable the learner to relate the methodologies to the
introduced new knowledge of the discipline.

(2) Introductory. This module should introduce the basic stages in the data mining and analysis
cycle and review various tools that support each stage of the cycle. The aim of the module is to help
students in the future to successfully realize themselves as data analysts or to conduct scientific research
and develop an academic career.

(3) Main part on the course. This module should provide the theoretical training with the basic
algorithms and approaches for data analysis such as: classification analysis, regression analysis,
associative analysis, cluster analysis, noise analysis, etc. A main emphasis in the process is the application
of a relevant Data Mining algorithm or algorithms, enabling the acquisition of knowledge describing:
relationship between data properties, data models, the results of data classification and clustering, etc. It is
interesting what types of dependencies can be discovered in the process of extracting patterns from data.
For this purpose, six types of tasks are considered, the solution of which leads to obtaining the
dependencies we are interested in:

o The task of describing and summarizing data.

o The segmentation (or clustering) task.

o Analysis of extremes (outlier detection).

o Concept description task

o Classification and regression.

o Dependency analysis.
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Different mathematical tools and artificial intelligence methods are used to extract and represent
the data patterns. The main methods used by the techniques for extracting regularities from data are:
method of Support Vector Machines (SVM), method of Naive Bayes, decomposition by the method of
Principal Component Analysis, method of Artificial Neural Networks, etc.

(4) Hands-on learning — learners experiment with data mining, data management and analysis,
data visualization approaches, by implementing various open source systems. The course should
introduce popular systems for data processing and data mining, such as: WEKA (Waikato Environment
for Knowledge Analysis) [103], RapidMiner [87], KNIME [52], Orange [56] and others.

(5) Course project. Students with weaker programming skills and insufficient mathematical
knowledge will experience a number of difficulties in understanding the essence of data analysis and the
application of the chosen technique. To overcome the difficulties, the inclusion of project-based learning
is proposed as the last module of the course. Course projects can be individual or team, but with a specific
orientation to a certain business area. For example:

- organizational and business data analysis: financial data, insurance, banking, investment
management, risk management, market data, etc.;

- the analysis of public health data: data on the quality of life of the person, construction of models
for quality of life, prevention of diseases and formulation of community health management programs;

- the management of public institutions, hospitals, state institutions, etc.;

- data analysis in our smart cities and cyber-security.

Whether the goal is to discover interesting relationships, categorize objects into groups, optimize
resource planning, or determine billing rates, project work will help students gain a basic understanding
of data analysis techniques and acquire knowledge extraction skills with specific tasks.

CONCLUSION: The development of such academic programs is critical to the success of
learners as future researchers in the digital world. The interest of learners and their active participation in
the learning process can be influenced by the quality of the learning process and the curriculum used.

5.2. Data mining tools through examples

Database courses for the students of Informatics and Computer Sciences in most Bulgarian
universities takes place in the second or third semester. For this purpose, the following are successively
introduced: basic data models; design process of relational databases, analysis and normalization of
relational schemas, languages for data description and processing. Students become familiar with the
problems of distributed databases and object-oriented databases and the new perspectives for the
development of big data (BigData). After implementing a number of applications in the form of course
projects, students move on to analysis of data warehouses and Data mining techniques. These techniques
offer rich opportunities for data exploration, but learning them requires a strong mathematical foundation.
Considering the limited time, the courses here offer to reveal the possibilities of these techniques by
offering students specific examples on previously prepared data. Students can analyze data following the
methodology of the CRISP-DM model, following the six main phases in the process of extracting patterns
from data in a six-step sequence. For this purpose, appropriately selected real tasks for data analysis are
used, which have been adapted for the purpose of easier application of a corresponding algorithm,
presented in detail in the dissertation work.

CONCLUSION: The analysis of the results of the conducted training showed an increase in the
degree of assimilation of the educational content and an increase in interest in the discipline [67]. The
study of topics did not cause serious difficulties among students who have the necessary preliminary
training. Students with weaker programming skills and insufficient mathematical knowledge experience a
number of difficulties in understanding the analysis and applying the chosen data mining tools.
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5.3. Introducing ontologies to student learning

A method for introducing ontologies into the courses of majors in the field of "Informatics and
Computer Sciences" is proposed through realization of three main tasks that are solved in the learning
process [64]. The first task is related to describing the nature of the ontology. The origin and meaning of
ontology and the different types of ontologies are presented. Students become familiar with the main
components of the ontology structure. The second task is related to the representation of schemas that
implement ontologies. This part of the tutorial is based on examples, a comparison between different
example ontologies, as well as an analysis of each of them. To do this, the tools of the OWL language are
introduced. The third task is the development of an example OWL ontology, using Protégé software.

The introduction of the concept of "ontology" begins with an introduction to its origins in
philosophy and reflects the nature of things that actually exist. In modern philosophical literature, this
term is used to denote a certain system of categories that are a consequence of a certain system of
views (a certain point of view) about the world. Their classification is presented depending on different
classification features. Some authors consider ontologies as concept-oriented, others as object-oriented in
the subject area. In [38] a classification is considered, according to which ontologies are divided into:
general ontologies; ontology oriented to a specific field; task-oriented ontologies and applied ontologies.

Regarding the structure of the ontology, two components are clearly distinguished: names of
existing concepts and relations in the domain. A number of restrictions can be imposed on domains. The
ontology together with many concrete instances of the classes constitutes a knowledge base. Thus, the
development of an ontology goes through the following phases [36]: definition of the classes in the
ontology; building a hierarchy of classes; defining characteristics and describing their possible values;
populating specific values for the characteristics to obtain specific instances.

Ontology development is an iterative process. A basic rule is that the concepts in the ontology are
close to the objects and relationships in the specific domain. When building an ontology, it must be
determined in advance - for what purpose the ontology is being created, what types of questions are
supposed to be answered (with its help), how it will be used and maintained. The training continues with
the study of: the ontology design methodology; learning Web Ontology Language (OWL) and building a
sample ontology; using Reasoner to work with ontologies.

For training purposes, a concrete example of an OWL ontology is developed with the Protégé
software. Specific activities performed by students through Protégé are:

1. Create classes. After the classes are created for example: Student and Teacher, can be made
disjoint - meaning that an object cannot be an instance of more than one of these two classes.

2. Create a class hierarchy. For example: the subclasses - Lectures and Assistants.

3. Defining OWL Properties that represent relationships: Object properties and Data properties.

4. The next step is to introduce OWL characteristics of object properties (inverse property,
functional properties, transitive, symmetric and antisymmetric, reflexive). Property Domains and Ranges
associate domain entities with range entities. Property Restrictions is a class of individuals that is
described or defined by the relationships in which those individuals participate.

5. The next step in the learning process is the definition of primitive and definite classes, based on
necessary and sufficient conditions. OWL allows all elements of an ontology, as well as the ontology
itself, to be documented with metadata.

As a result, an introduction to the ontologies is achieved, by explaining the basic concepts and the
main principles in the field, based on examples. The ontological system is developed together with the
students, going through all the steps in the creation process. In the learning process, opportunities are
provided to complement the built ontological system - with new concepts, relations or attributes.
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CONCLUSION

Educational Data Mining and Learning Analytics are relatively new fields that aim to improve the
educational experience, help stakeholders (teachers, students, administrators, researchers), take better
decisions using accumulated data. Despite the great expectations and the increased volume of
publications in the field of data mining in educational environments, there are still barriers and challenges
facing researchers in the field, such as the lack of comprehensive and easy-to-use and understand tools
that can be integrated into the most popular learning management environments .

Modern education uses software platforms for the management of educational content, which
provide a technological apparatus, in parallel with the publication of educational content, to collect and
store information about the activity of users - teachers and students. A direction for future development of
the work is the creation of easy-to-use software tools, with the possibility of integration into learning
management environments, for the early detection of learners at risk and prompt notification to teachers
of which learners need additional help and which teaching practices greatest impact. In addition, research
should continue on the possibilities of personalizing the learning process and content so that each learner
receives resources according to his current knowledge and attitude towards the learning process.

A challenge is to develop adaptive courses that are automatically customized according to learner
profiles (needs, goals, background, country, learning style, etc.). The focus of the dissertation is on
monitoring and identifying at-risk learners who are likely to drop out or fail during training. But the data
analyzes conducted are on relatively small groups of learners. Better results can be obtained by analyzing
a large number of students, courses and institutions. For example, MOOCs (Massive Open Online
Courses) can use data from thousands of students. Participants have different backgrounds, maturity,
experience, education levels, language skills, goals, needs and learning styles. But a significant barrier
[37] is related to the ethics of using personal data, which must be taken into account at all stages -
from data collection to interpretation of results and decision-making. For example, data related to
gender, social status, race, religious beliefs, ideology or disability could lead to discriminatory treatment.
On the other hand, the series of measures related to the protection of personal data must also be taken into
account.

The next step of research in the field is the creation and application of methodologies for the
use of Big Data Analytics in educational environments. In the era of big data, the possibilities of
storing, managing and processing data from online learning environments make it possible to better study
learning processes and look for effective ways to improve them. The combination of Big Data and
Learning Analytics is a promising area of research.
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Dissertation Contributions

A. Scientific contributions (in the class enrichment of existing knowledge)

Methods and models are proposed, as a result of theoretical summaries of the processes of
observation and analysis of the activities of learners:

1.

A five-step method for assessing and predicting the knowledge, skills and competencies of learners in
the virtual educational space, with the possibility of applying computational models and criteria for
dynamic assessment, and the final assessment is formed by multiple assessment components. The
conducted empirical studies confirm that the proposed method is promising for the development of an
early warning system for various stakeholders of the learning process.

Fuzzy logic models of hierarchical organization of evaluation components and dependencies between
them that the evaluator explicitly or implicitly uses in evaluation. Two models are available: Model 1
of hierarchical tree-like organization of evaluation components and Mode! 2 of hierarchical graph
organization of evaluation components.

A method with Web metrics and Inductive Fuzzy Classification for evaluating the degree of use of
websites by learners, when analyzing their behavior in the learning environment and the web space.

A method for document type analysis, based on classification algorithms, with the target attribute being
whether the document is related to the field of study. Data analysis makes it possible to look for the
difficulties that learners encounter when working with literary sources and to design modules to meet
their individual needs when searching and using documents.

Three-factor model of the learner, which includes: competency factors, emotional factors, social
environment impact factors. Through the learner model, the behavior and change of knowledge, skills
and competencies can be tracked and predictions can be made, according to the accumulated data
from the operation of e-learning environments and systems with different users.

A generalized net models: with the ability to track the processes of using different tools in e-learning
environments; the process of applying Data Mining tools in Learning environments; a comprehensive
multicomponent evaluation process in six stages with possibility to customize the way of forming
tests by defining meta-models setting frameworks for creating tests and approaches for their
assessment; the processes in project learning and the possibilities for integration with E-learning and
web-based learning; E-learning gamification course to analyze the possibilities and problems in
learning with game situations. The created models offer a partial solution to the problems formulated
in the book of Acad. K. Atanasov ,,Generalized Nets and Intuitionistic Fuzziness in Data Mining® [9].
Weakly-centralized and highly-centralized model for quality assurance and accreditation in higher
education. Basic generalized net model of information flows in the processing of data in self-
assessment in higher education.

B. Scientific applied contributions (in the class of application of scientific achievements in practice)

Proposed are:

1.

Multi-step methods for creating models in an educational context using the machine learning tools of
the Orange Mining Data system.

Software tools for analyzing and comparing the behavior of two machine learning agents: Rule-Based
System and Reinforcement Learning.

Software tools for the analysis of sound frequencies and their conversion into colors in the RGB model.
A model of a system that implements the conversion of sound frequencies into color.

Core modules of a Data science curriculum in Higher Education disciplines.

Methodical techniques for teaching students with data mining tools through examples from real
problems and tasks for designing and implementing ontologies in student learning,.

Abstracts of Dissertations 2023 (9) 3-60



Application of data science in the virtual educational space 53

List of scientific publications on the topic of the dissertation work
in publications that are referenced and indexed in world-famous databases with scientific information
(Web of Science and Scopus)

1 . Orozova D., Appropriate E-Test System Selection Model, Comptes rendus de I'Acade'mie
bulgare des Sciences, 2019, Vol 72, No 6, pp. 811-820, ISSN 1310-1331, DOI: 10.7546/CRABS.2019.06.14
, IF =0.343 (2019), WoS Q4 , SJIR =0.218, (Scopus Q2)
https:// www.webofscience.com/wos/woscc/full-record/ WOS:000477784300014
http://www.scopus.com/inward/record.url?eid=2-s2.0-8507098893 6 &partnerID=MNETOARS

2. Orozova D., K. Atanassov, Generalized Net Model of Processes Related to Big Data, Comptes
rendus de I'Académie bulgare des Sciences, book No 12, vol. 71, 2018, pp. 1679 -1686 ISSN 13101331,
DOI: 10.7546/CRABS.2018.12.13 , IF= 0.321 (2018), WoS Q4, Scopus SJR =0.205, (Scopus Q2)
https://www.webofscience.com/wos/woscc/full-record/ WOS:000456750000013
http://www.scopus.com/inward/record.url?eid=2-s2.0-85063227040&partnerID=MNSTOARS

3. Orozova D., K. Atanassov, Model of Big Data Map/Reduce Processing, Comptes rendus de
I'Acade'mie bulgare des Sciences, 2019, Vol 72, Noll, pp.1537-1545, ISSN 1310-1331, DOI: 10.7546
/CRABS.2019.11.11, IF =0.343 (2019 ), WoS Q4, SJIR =0.218, (Scopus Q2)
https://www.webofscience.com/wos/woscc/full-record/ WOS:000502809100011
http://www.scopus.com/inward/record.url?eid=2-s2.0-85109014572&partnerID=MNETOARS

4. D. Orozova, K. Atanassov, M. Todorova, Generalized Net Model of the Process of
Personalization and Usage of an e-Learning Environment, Proceedings of the Jangjeon Mathematical Society
19 (2016), No. 4, pp. 615 — 624. ISSN (print):1598-7264, ISSN (online):2508-7916, ISBN:89-87809-15-3,
SJR = 0.508, (Scopus Q2)
http://www.scopus.com/inward/record. url?eid=2-s2.0-84996565258&partnerID=MNSTOARS

5. Orozova D. , M. Todorova, Ontology concept in courses on students, TEM Journal. Volume 7,
Issue 3 , Pages 693-697, ISSN 2217-8309, DOI:10.18421/TEM73-29, 2018. SJR = 0.148. (Scopus Q4)
https://www.webofscience.com/wos/woscc/full-record/ WOS:000442699500029
http://www.scopus.com/inward/record.url?eid=2-s2.0-85052218825&partnerID=MNSTOARS

6. Popchev 1., D. Orozova, Towards Big Data Analytics in the E-learning Space. Cybernetics and
Information Technologies, Vol. 19(3), 2019, pp.16-25, ISSN: 1311-9702, DOI: 10.2478/cait-2019-0023, SJR
=0.31, (Scopus Q2)
https://www.webofscience.com/wos/woscc/full-record/ WOS:000486349500002
http://www.scopus.com/inward/record.url?eid=2-s2.0-8507387321 1 &partnerID=MNSTOARS

7. Orozova D., K. Kaloyanova, M. Todorova, Introducing Information Security Concepts and
Standards in Higher Education, TEM Journal. Volume 8, Issue 3, Pages 1017-1024, ISSN 2217-8309, DOI:
10.18421/TEM83-46, 2019, SIR =0.167, (Scopus Q2)
https://www.webofscience.com/wos/woscc/full-record/ WOS:000483978200046
http://www.scopus.com/inward/record.url?eid=2-s2.0-85072752036&partnerID=MNSTOARS

8. Popchev 1., D. Orozova, Towards a multistep method for assessment in e-learning of emerging
technologies, Cybernetics and Information Technologies, Volume 20, No 3, Sofia, 2020, pp.116-129, ISSN:
1311-9702 , DOTI: 10.2478/cait-2020-0032 , SJR = 0.272, (Scopus Q2)
https://www.webofscience.com/wos/woscc/full-record/ WOS:000572532500009

Abstracts of Dissertations 2023 (9) 3-60


https://www.webofscience.com/wos/woscc/full-record/WOS:000477784300014
http://www.scopus.com/inward/record.url?eid=2-s2.0-85070988936&partnerID=MN8TOARS
https://www.webofscience.com/wos/woscc/full-record/WOS:000456750000013
http://www.scopus.com/inward/record.url?eid=2-s2.0-85063227040&partnerID=MN8TOARS
https://www.webofscience.com/wos/woscc/full-record/WOS:000502809100011
http://www.scopus.com/inward/record.url?eid=2-s2.0-85109014572&partnerID=MN8TOARS
http://www.scopus.com/inward/record.url?eid=2-s2.0-84996565258&partnerID=MN8TOARS
https://www.webofscience.com/wos/woscc/full-record/WOS:000442699500029
http://www.scopus.com/inward/record.url?eid=2-s2.0-85052218825&partnerID=MN8TOARS
https://www.webofscience.com/wos/woscc/full-record/WOS:000486349500002
http://www.scopus.com/inward/record.url?eid=2-s2.0-85073873211&partnerID=MN8TOARS
https://www.webofscience.com/wos/woscc/full-record/WOS:000483978200046
http://www.scopus.com/inward/record.url?eid=2-s2.0-85072752036&partnerID=MN8TOARS
https://www.webofscience.com/wos/woscc/full-record/WOS:000572532500009

54 Daniela Orozova

http://www.scopus.com/inward/record.url?eid=2-s2.0-85093080750&partnerID=MNETOARS

9. Hadzhikolev, E., S. Hazdhikoleva, K. Yotov, D. Orozova, Models for Multicomponent Fuzzy
Evaluation, with a Focus on the Assessment of Higher-Order Thinking Skills, TEM Journal, Vol.9, No.4, pp
.22-28, 2020, ISSN: 2217-8309 , DOI: 10.18421/TEM94-43, SIR =0.199, (Scopus Q4)
https://www.webofscience.com/wos/woscc/full-record/ WOS:000596297300043
http://www.scopus.com/inward/record.url?eid=2-s2.0-85092629596 &partnerID=MNETOARS

10. Todorov, J., V. Valkanov, S. Stoyanov, B. Daskalov, 1. Popchev, D. Orozova, Chapter 6:
Personal Assistants in a Virtual Education Space, Sgurev V., Jotsov V., Kacprzyk J. (eds) Practical Issues of
Intelligent Innovations. Studies in Systems, Decision and Control, 140, Springer International Publishing AG
part of Springer Nature, 2018, Library of Congress Control Number 2011893667, ISSN 2198-4182 , DOLI:
10.1007/978-3-319-78437-3 6, SJR =0.131, (Scopus Q4)
https://www.webofscience.com/wos/woscc/full-record/ WOS:000466552900007
http://www.scopus.com/inward/record.url?eid=2-s2.0-8504966271 1 &partnerID=MNETOARS

11. Todorov J., E. Doychev, D. Orozova, A. Stoyanova-Doycheva, loT Multiagent Assistant in
Virtual Educational Space, 2018, AIP Conference Proceedings Vol. 2048, pp.020031; ISSN: 0094243X,
ISBN: 978-073541774-8, doi:10.1063/1.5082049, https://doi.org/10.1063/1.5082049, SJR =0.182 (for 2018).
https://www.webofscience.com/wos/woscc/full-record/ WOS:00046810880003 1
http://www.scopus.com/inward/record.url?eid=2-s2.0-85058786246 &partnerID=MNSTOARS

12. Stoyanova -Doycheva A., T. Glushkova, S. Stoyanov, D. Orozova, Lifelong Learning Supported
by an Intelligent Tourist Guide, 2018, AIP Conference Proceedings, Volume 2048, pp. 020038; ISSN:
0094243X, ISBN: 978-073541774-8, SJIR =0.182 , DOI: 10.1063/1.5082056
https://www.webofscience.com/wos/woscc/full-record/ WOS:000468108800038
http://www.scopus.com/inward/record.url?eid=2-s2.0-850588 19893 &partnerID=MNSTOARS

13. Hadzhikolev E., S. Hadzhikoleva, D. Orozova, K. Yotov, A Comprehensive Approach to
Assessing Higher and Lower Order Thinking Skills, Uncertainty and imprecision in Decision Making and
Decision Support: New Advances, Challenges, and Perspectives, Lecture Notes in Networks and Systems ,
Volume 338 , pp. 164—177, Lecture Notes in Networks and Systems, Volume 338, pp. 164—177, ISSN 2367-
3370, 2022, DOI: 10.1007/978-3-030-95929-6 13, SJIR =0.151, (Scopus Q 4)
https://www.webofscience.com/wos/woscc/full-record/ WOS:000775291100013
http://www.scopus.com/inward/record.url?eid=2-s2.0-85126177886&partnerID=MNSTOARS

14. Hadzhikoleva S., D. Orozova, N. Andonov, E. Hadzhikolev, Generalized Net Model of a System
for Quality Assurance in Higher Education, 45th International Conference Applications of Mathematics in
Engineering and Economics (AMEE'19), 2019, pp. 040005-1 -040005-8, ISBN: 978-0-7354-1919-3. AIP
Conference Proceedings, 2019, DOI: 10.1063/1.5133515, Part of ISSN: 15517616 0094243 X , SJR =0.19.
https://www.webofscience.com/wos/woscc/full-record/ WOS:000521744400033
http://www.scopus.com/inward/record.url?eid=2-s2.0-85075796767 &partnerID=MNSTOARS

15. Orozov B., D. Orozova, An Al application in E-Learning, CEUR Workshop Proceedings 3061,
pp. 76-80, September 27-28, 2021, Plovdiv, Bulgaria, ISSN 1613-0073 , SJR =0.228 ( for 2021) .
http://www.scopus.com/inward/record.url?eid=2-s2.0-8512228115 1 &partnerID=MNSTOARS

Abstracts of Dissertations 2023 (9) 3-60


http://www.scopus.com/inward/record.url?eid=2-s2.0-85093080750&partnerID=MN8TOARS
https://www.webofscience.com/wos/woscc/full-record/WOS:000596297300043
http://www.scopus.com/inward/record.url?eid=2-s2.0-85092629596&partnerID=MN8TOARS
https://www.webofscience.com/wos/woscc/full-record/WOS:000466552900007
https://www.webofscience.com/wos/woscc/full-record/WOS:000468108800031
http://www.scopus.com/inward/record.url?eid=2-s2.0-85058786246&partnerID=MN8TOARS
http://www.scopus.com/inward/record.url?eid=2-s2.0-85058819893&partnerID=MN8TOARS
https://www.webofscience.com/wos/woscc/full-record/WOS:000775291100013
http://www.scopus.com/inward/record.url?eid=2-s2.0-85126177886&partnerID=MN8TOARS
https://www.webofscience.com/wos/woscc/full-record/WOS:000521744400033
http://www.scopus.com/inward/record.url?eid=2-s2.0-85075796767&partnerID=MN8TOARS
http://www.scopus.com/inward/record.url?eid=2-s2.0-85122281151&partnerID=MN8TOARS

Application of data science in the virtual educational space 55

16. Ivan Popchev, Daniela Orozova, Algorithms for Machine Learning with Orange System,
International Journal of Online and Biomedical Engineering (iJOE), Vol. 19, No. 04, 2023, pp. 109 -123,
ISSN: 2626-8493, SIR =0.28, (Scopus Q3), DOI: https://doi.org/10.3991/ijoe.v19i04.36897 .
https://www.webofscience.com/wos/woscc/full-record/ WOS:000967834800007
https://www.scopus.com/record/display.uri?eid=2-s2.0-85152704594 &origin=resultslist&sort=plf-f

17. D. Orozova, N. Hristova, An application of analytical data research in e-learning system, ICTTE
2020, International Conference on Technics, Technologies and Education, Journal IOP Conference Series:
Materials Science and Engineering Volume 1031 (2021) 012058, IOP Publishing, Online ISSN: 1757-899X,
DOI: 10.1088/1757-899X/1031/1/ 012058.
http://www.scopus.com/inward/record.url?eid=2-s2.0-85101662489&partnerID=MNETOARS

18. Popchev 1., D. Orozova, DataScience: Experience and Trends, ICTTE 2020, International
Conference on Technics, Technologies and Education, Journal IOP Conference Series: Materials Science and
Engineering, Volume 1031 (2021) 012057, IOP Publishing, Online ISSN : 1757-899X, Print ISSN: 1757-
8981, doi:10.1088/1757-899X/1031/1/ 012057.
http://www.scopus.com/inward/record.url?eid=2-s2.0-85101718405&partnerID=MNSTOARS

19. M. Todorova, D. Orozova, Training Difficulties in Deductive Methods of Verification and
Synthesis of Program, International Journal of Advanced Computer Science and Applications (IJACSA),
Vol. 9, No. 7, 2018, pp. 18-22,  ISSN:  2158107X  ISSN  (online):2156-5570,
doi:10.14569/1JACSA.2018.090703.
https://www.webofscience.com/wos/woscc/full-record/ WOS:000441330600003
http://www.scopus.com/inward/record.url?eid=2-s2.0-85054031652&partnerID=MNSTOARS

20. D. Orozova, SQL User Queries Execution Model , Advances in Intelligent Systems and
Computing book series (AISC, volume 1081), Uncertainty and Imprecision in Decision Making and
Decision Support: New Challenges, Solutions and Perspectives, Volume 1081 AISC, 2021, Pages 184-189,
ISSN 2194-5357 , DOI: 10.1007/978-3-030-47024-1_20
http://www.scopus.com/inward/record.url?eid=2-s2.0-85087754542 &partnerID=MNSTOARS

21. Orozov B., D. Orozova, Rule Based System Against Reinforcement Learning,
CompSysTech21: ACM International Conference Proceeding Series on Computer Systems and
Technologies 21, June 2021, Pages 67—70, ISBN: 978-145038982-2 , DOI: 10.1145/3472410.3472437.
http://www.scopus.com/inward/record.url?eid=2-s2.0-85117607164&partnerID=MNSTOARS

22. Orozova D., M. Georgieva, A model of the process of Big Data with generalized net, 2016,
IEEE 8th International Conference on Intelligent Systems, IS 2016 — Proceedings, 7 2016, Article number
7737487, pp.599-603, ISBN: 978-150901353-1, DOI: 10.1109/SIELA.2016.7543030
https://www.scopus.com/record/display.uri?eid=2-s2.0-85006035368&origin=resultslist&sort=plf-f

23. Hadzhikolev E., S. Hadzhikoleva, D. Orozova, Digital Model of a Document in a University
Document Repository, IEEE XX-th International Symposium on Electrical Apparatus and Technologies
SIELA 2018, 3-6 June 2018, Bulgaria , ISBN 978-1-5386-3418-9 , DOI: 10.1109/SIELA.2018.8447089.
https://www.webofscience.com/wos/woscc/full-record/ WOS:000454837100037
http://www.scopus.com/inward/record.url?eid=2-s2.0-85053840788&partnerID=MNETOARS

Abstracts of Dissertations 2023 (9) 3-60


https://doi.org/10.3991/ijoe.v19i04.36897
https://www.webofscience.com/wos/woscc/full-record/WOS:000967834800007
https://www.scopus.com/record/display.uri?eid=2-s2.0-85152704594&origin=resultslist&sort=plf-f
http://www.scopus.com/inward/record.url?eid=2-s2.0-85101662489&partnerID=MN8TOARS
http://www.scopus.com/inward/record.url?eid=2-s2.0-85101718405&partnerID=MN8TOARS
https://www.webofscience.com/wos/woscc/full-record/WOS:000441330600003
http://www.scopus.com/inward/record.url?eid=2-s2.0-85054031652&partnerID=MN8TOARS
http://www.scopus.com/inward/record.url?eid=2-s2.0-85087754542&partnerID=MN8TOARS
http://www.scopus.com/inward/record.url?eid=2-s2.0-85117607164&partnerID=MN8TOARS
https://www.scopus.com/record/display.uri?eid=2-s2.0-85006035368&origin=resultslist&sort=plf-f
https://www.webofscience.com/wos/woscc/full-record/WOS:000454837100037
http://www.scopus.com/inward/record.url?eid=2-s2.0-85053840788&partnerID=MN8TOARS

56 Daniela Orozova

24. Orozova D., A. Ivanov, Generalized Net Model of Virtual Collaboration Space, IEEE XX-th
International Symposium on Electrical Apparatus and Technologies SIELA 2018, 3-6 June 2018, Bourgas,
Bulgaria, ISBN 978-1-5386-3418 -9, DOI: 10.1109/SIELA.2018.8447090.
https://www.webofscience.com/wos/woscc/full-record/ WOS:000454837100038
http://www.scopus.com/inward/record.url?eid=2-s2.0-85053825957 &partnerID=MNETOARS

25. Orozova D., E. Sotirova, Modeling of a Learning Management System, IEEE XVIII-th
International Symposium on Electrical Apparatus and Technologies SIELA 2014, 2014, Bulgaria, pp. 95-98,
ISBN: 978-147995817-7, DOI: 10.1109/SIELA.2014.6871879.
https://www.webofscience.com/wos/woscc/full-record/ WOS:000345744800038
http://www.scopus.com/inward/record.url?eid=2-s2.0-84906751001 &partnerID=MNSTOARS

26. Orozova D., M. Georgieva, A model of the process of Big Data with Generalized Net, Electrical
Apparatus and Technologies (SIELA), 2016, IEEE 19th International Symposium, Bourgas, 238-241, ISSN:
978-1-4673-9521 -2, ISBN 978-619-160-648-1 , DOI: 10.1109/SIELA.2016.7543030.
https://www.webofscience.com/wos/woscc/full-record/ WOS:000382936800059
http://www.scopus.com/inward/record.url?eid=2-s2.0-8498594501 8 &partnerID=MNSTOARS

27. 1. Popchev, D. Orozova, S. Stoyanov, loT and Big Data Analytics in E-Learning, 2019 Big Data,
Knowledge and Control Systems Engineering (BAKCSE), IEEE 2019, pp. 1-5, ISBN 978-172816481-6,
DOI: 10.1109/BdKCSE48644.2019.9010666.
https://www.webofscience.com/wos/woscc/full-record/ WOS:000563467600027
http://www.scopus.com/inward/record.url?eid=2-s2.0-8508230598 1 &partnerID=MNSTOARS

28. Orozova D., I. Popchev, Cyber-Physical-Social Systems for Big Data, IEEE XXI International
Symposium on Electrical Apparatus and Technologies SIELA 2020, 3-6 June 2020, Bourgas, Bulgaria, pp.
334 —337,ISBN 978-1-7281-4345-3 , DOI: 10.1109/SIELA49118.2020.9167161.
http://www.scopus.com/inward/record.url?eid=2-s2.0-85091338714&partnerID=MNSTOARS

29. Orozova D., N. Hristova, Generalized Net Model for dynamic decision making and prognoses,
IEEE XX I International Symposium on Electrical Apparatus and Technologies SIELA 20 20 , Bulgaria , 20
20, pp-330 — 333, ISBN 978-1- 7281-4345-3, DOI: 10.1109/SIELA49118.2020.9167077.
http://www.scopus.com/inward/record.url?eid=2-s2.0-85091339727 &partnerID=MNSTOARS

30. Popchev L., D. Orozova , Text Mining in the Domain of Plant Genetic Resources, Proceedings of
2020 IEEE 10th International Conference on Intelligent Systems, 2020, pp. 596-600, ISBN 978-172815456-
5, DOI: 10.1109/1S48319.2020.9200174.
http://www.scopus.com/inward/record.url?eid=2-s2.0-85092747530&partnerID=MNSTOARS

31. Hadzhikoleva S., D. Orozova, E. Hadzhikolev, N. Andonov, Model of a Centralized System for
Quality Assurance in Higher Education, Proceedings of 2020 IEEE 10th International Conference on
Intelligent Systems 2020, pp. 87-92, ISBN 978-172815456-5, DOI: 10.1109/1S48319.2020.9199951.
http://www.scopus.com/inward/record.url?eid=2-s2.0-85092696472 &partnerID=MNSTOARS

32. Georgieva P., E. Nikolova, D. Orozova , Data Cleaning Techniques in Detecting Tendencies in
Software Engineering, MIPRO 2020, IEEE 43rd International Convention, 2020, Croatia, Opatija, pp.1272-
1277, ISSN: 2623-8764 , DOI : 10.23919/MIPR0O48935.2020.9245416.
https://www.webofscience.com/wos/woscc/full-record/ WOS:000790326400188
http://www.scopus.com/inward/record.url?eid=2-s2.0-85097229443 &partnerID=MNSTOARS

Abstracts of Dissertations 2023 (9) 3-60


https://www.webofscience.com/wos/woscc/full-record/WOS:000454837100038
https://www.webofscience.com/wos/woscc/full-record/WOS:000345744800038
http://www.scopus.com/inward/record.url?eid=2-s2.0-84906751001&partnerID=MN8TOARS
https://www.webofscience.com/wos/woscc/full-record/WOS:000382936800059
http://www.scopus.com/inward/record.url?eid=2-s2.0-84985945018&partnerID=MN8TOARS
https://www.webofscience.com/wos/woscc/full-record/WOS:000563467600027
http://www.scopus.com/inward/record.url?eid=2-s2.0-85082305981&partnerID=MN8TOARS
http://www.scopus.com/inward/record.url?eid=2-s2.0-85091338714&partnerID=MN8TOARS
http://www.scopus.com/inward/record.url?eid=2-s2.0-85091339727&partnerID=MN8TOARS
http://www.scopus.com/inward/record.url?eid=2-s2.0-85092747530&partnerID=MN8TOARS
http://www.scopus.com/inward/record.url?eid=2-s2.0-85092696472&partnerID=MN8TOARS
https://www.webofscience.com/wos/woscc/full-record/WOS:000790326400188
http://www.scopus.com/inward/record.url?eid=2-s2.0-85097229443&partnerID=MN8TOARS

Application of data science in the virtual educational space 57

33. D. Orozova, S. Hadzhikoleva, E. Hadzhikolev, A Course Gamification Model for the
Development of Higher Order Thinking Skills, MIPRO 2021, IEEE 44th International Convention,
September 27, 2021 — October 1, 2021, Opatija, Croatia, pp. 1772-1777, ISSN 1847-3946, DOIL:
10.23919/MIPRO52101.2021.9597151.
http://www.scopus.com/inward/record.url?eid=2-s2.0-85123052448 &partnerID=MNSTOARS

34. 1. Popchev, D. Orozova, Data Analytics Approach in Virtual Educational Space, 2021 IEEE Big
Data, Knowledge and Control Systems Engineering (BdKCSE), 2021, pp. 1-5, doi:
10.1109/BdKCSES53180.2021.9627247, ISBN 978-166541042-7.
http://www.scopus.com/inward/record.url?eid=2-s2.0-85123994089&partnerID=MNE8TOARS

35. D. Orozova, M. Todorova, Applying Reactive Blocks in Courses of Internet of Things,
Proceedings of the 10th Annual International Conference of Education, Research and Innovation, Seville,
16-18 November, 2017, pp. 6960-6967, ISSN (print):2340-1095.
https:// www.webofscience.com/wos/woscc/full-record/ WOS:000429975307011

36. D. Orozova, M. Todorova, How to Follow Modern Trends in Courses in "Databases" -
Introduction of Data Mining Techniques by Example, Proceedings of the 11th Annual International
Technology, Education and Development Conference, Valencia, 2017, 8186-8194, ISSN:2340-1079.
https://www.webofscience.com/wos/woscc/full-record/ WOS:000427401303026

37. Georgieva P., E. Nikolova, D. Orozova, Tendencies in Software Engineering Education,
ICERI2019, 12th International Conference of Education, Research and Innovation, Seville (Spain) 11-13
November, 2019, pp. 3601-3609, ISBN: 978-84-09-14755-7.
https:// www.webofscience.com/wos/woscc/full-record/ WOS:000530109203108

38. Georgieva P., E. Nikolova, D. Orozova, V. Jecheva, Certification In Teaching Information
Technologies For Engineering Graduates, ICERI2019, 12th International Conference of Education, Research
and Innovation, Seville (Spain) 11-13 November, 2019, pp. 4564-4573.
https://www.webofscience.com/wos/woscc/full-record/ WOS:000530109204100

39. Tuparova D., G. Tuparov, D. Orozova, Educational Computer Games and Gamification in the
Higher Education — Students' Points of View, 43rd International Convention on Information, Communication
and Electronic Technology (MIPRO), 2020, Croatia, Opatija, pp.1879-1884 Electronic ISSN: 2623-8764,
DOI: 10.23919/MIPR0O48935.2020.9245251.
https://www.webofscience.com/wos/woscc/full-record/ WOS:000790326400284
http://www.scopus.com/inward/record.url?eid=2-s2.0-85097241244&partnerID=MNSTOARS

40. Magdalina Todorova, Daniela Orozova, Generalized Net Model of Sequential Programs, In proc
of the 20th International Symposium on Electrical Apparatus and Technologies (SIELA 2018), 3-6 June
2018, Bourgas, Bulgaria, DOI: 10.1109/SIELA.2018.8447068 , ISBN: 978-1-5386-3420-2.
https://www.webofscience.com/wos/woscc/full-record/ WOS:000454837100016
http://www.scopus.com/inward/record.url?eid=2-s2.0-85053816562&partnerID=MNSTOARS

41. Zlatev Z., J. llieva, D. Orozova, G. Shivacheva, N. Angelova, Design and Research of a Sound-
to-RGB smart acoustic device, Multimodal Technologies and Interaction, 2023, 7(8), 79; WoS, Scopus Q2
SJR=0.504 (3a 2022), https://doi.org/10.3390/mti7080079

42. Textbook: Ivan Popchev, Daniela Orozova , Presentation of knowledge in systems with
artificial intelligence, Bozich Publishing House, Burgas, 2018, ISBN 978-619-7181-59-3.

Abstracts of Dissertations 2023 (9) 3-60


http://www.scopus.com/inward/record.url?eid=2-s2.0-85123052448&partnerID=MN8TOARS
http://www.scopus.com/inward/record.url?eid=2-s2.0-85123994089&partnerID=MN8TOARS
https://www.webofscience.com/wos/woscc/full-record/WOS:000429975307011
https://www.webofscience.com/wos/woscc/full-record/WOS:000427401303026
https://www.webofscience.com/wos/woscc/full-record/WOS:000530109203108
https://www.webofscience.com/wos/woscc/full-record/WOS:000530109204100
https://www.webofscience.com/wos/woscc/full-record/WOS:000790326400284
http://www.scopus.com/inward/record.url?eid=2-s2.0-85097241244&partnerID=MN8TOARS
https://www.webofscience.com/wos/woscc/full-record/WOS:000454837100016
http://www.scopus.com/inward/record.url?eid=2-s2.0-85053816562&partnerID=MN8TOARS

58 Daniela Orozova

BIBLIOGRAPHY

1. Valkanova, V., M. Sandalski, I. Popchev, S. Stoyanov. An educational portal for preparing students
for matriculation exams. - Theory-practice interaction: Key problems and solutions. International
Scientific Conference, 2011, 287-294. ISBN: 978-954-9370-80-5.

2. NEAA: The National Assessment and Accreditation Agency https://www.neaa.government.bg/

3. Stoyanov S., D. Orozova, 1. Popchev, E. Doychev Virtual space for continuing education, BSU
Scientific conference with international participation "Horizons in the development of human
resources and knowledge" volume 2, 2015, pp. 419-425.

4. Todorova M., Approaches, programming environments and languages for checking the correctness of
programs and their application in the training of software specialists, Sofia, 2013.

5. 12 Best Web Analytics Tools and Software for Startups https://squeezegrowth.com/bg/best-web-
analytics-tools-for-startups/

6. Ahlers, R., Garris, R., & Driskell, J. (2014). Games, Motivation, and Learning: A Research and
Practice Model. Computer Science Applications. Florida Maxima Corporation.

7. Anderson LW, DR Krathwohl (Eds). A taxonomy for learning, teaching and assessing: A revision of
Bloom's Taxonomy of educational objectives: Complete edition, New York, Longman, 2001.

8. Atanassov K., On Generalized Nets Theory "Prof. M. Drinov” Academic Publishing House, 2007.

9. Atanassov, K., Generalized Nets and Intuitionistic Fuzziness in Data Mining, “Prof. M. Drinov”
Publishing House of Bulgarian Academy of Sciences, Sofia, 2020, ISBN 978-619-245-022-9.

10. Barr A., Feigenbaum E., The Handbook of Artificial Intelligence, vol.2, 1984 .

11. Bienkowski, M., Feng, M., & Means, B. (2012). Enhancing Teaching and Learning Through
Educational Data Mining and Learning Analytics: An Issue Brief. Retrieved from
http://tech.ed.gov/wp-content/uploads/2014/03/edm-la-brief.pdf . last access: 01.02.2023

12. Big Data Definition, Teradata, https://www.teradata.com/Glossary/What-is-Big-Data

13. Bloom B., M. Engelhart, E. Furst, et. al., "Taxonomy of educational objectives: The classification of
educational goals. Handbook I: Cognitive domain”. New York: David McKay Company, 1956.

14. Bradley, J., Atkins, E. Coupled Cyber—Physical System Modeling and Coregulation of a CubeSat,
IEEE Transactions on Robotics, 2015, Vol. 31, No. 2, 443-456.

15. Brookhart S., "How to Assess Higher-Order Thinking Skills in Your Classroom", publ. ASCD, 2010,
ISBN: 978-1-4166-1048-9.

16. Buckland, B., F. Schreier & TH Winkler. Democratic Governance Challenges of Cyber Security.
DCAF Horizon 2015 Working Paper No. 1, Geneva Center for the Democratic Control of Armed
Forces.

17. Egger, N. etc., Themes in Science & Technology Education, 2014, Vol. 7 Issue 1, p.3-17, 15p.

18. Standards and Guidelines for Quality Assurance in the European Higher Education Area (ESG).
(2015). Brussels, Belgium. ISBN: 978-9-08-168672-3.

19. Bower, J., C. Christensen. Disruptive Technologies: Catching the Wave. Harvard Business Review,
January-February 1995, pp. 43-53.

20. Brynjolfsson E., A. McAfee, The Second Machine Age: Work, Progress, and Prosperity in a Time of
Brilliant Technologies, WW Norton & Company, 2014.

21. Cao L. Data science: a comprehensive overview. ACM Comput Surv (CSUR). 2017;50 (3) pp. 1-42.

22. Chapman A., “Principles and Methods of Data Cleaning - Primary Species and Species-Occurrence
Data.”, Report for the Global Biodiversity Information Facility, Copenhagen, 2005.

23. Chatti, M, A, Dychhoff, A, L, Schroeder, U., and Thus, H. A reference model for learning analytics,
International journal of Technology Enhanced learning, 2012.

24. Chemchem, A., Drias, H. From data mining to knowledge mining: Application to intelligent agents.
International Joint Conference on Artificial Intelligence: Expert Systems with Applications, (2014).

25. Clifton, B., 2008: Advanced Web Metrics with Google Analytics, Wiley, New York, USA.

26. Dietrich D., B. Heller, B. Yang , Data Science & Big Data Analytics: Discovering, Analyzing,
Visualizing and Presenting Data , Published John Wiley & Sons, Inc., 2015, ISBN:978-1-118-87613-8

Abstracts of Dissertations 2023 (9) 3-60


https://www.neaa.government.bg/
https://squeezegrowth.com/bg/best-web-analytics-tools-for-startups/
https://squeezegrowth.com/bg/best-web-analytics-tools-for-startups/
http://tech.ed.gov/wp-content/uploads/2014/03/edm-la-brief.pdf
https://www.teradata.com/Glossary/What-is-Big-Data

Application of data science in the virtual educational space 59

27. Ekman P., W.V. Friesen, Constants across cultures in the face and emotion. Journal of Personality and
Social Psychology, 1971, 17(2), 124—-129.

28. Escobar-Jeria, VH, Martin-Bautista, MJ, Sanchez, D., Vila, M., 2007: Web Usage Mining Via Fuzzy
Logic Techniques. In: Melin, P., Castillo, O., Aguilar, 1J, Kacprzyk, J., Pedrycz, W. (Eds.), 2007:
Lecture Notes In Artificial Intelligence, Vol. 4529, Springer, New York, USA, pp. 243-252.

29. Estivill-Castro, V. & Yang, JA (2000). Fast and robust general purpose clustering algorithm. Pacific
Rim International Conference on Artificial Intelligence (pp. 208-218).

30. Etheridge, D., Excel Programming: Your Visual Blueprint for Creating Interactive Spreadsheets, John
Willey & Sons, Inc. 2010.

31. Ethics  Guidelines  for  Trustworthy Al  [Online].  https://ec.europa.eu/digital-single-
market/en/news/ethics-guidelines-trustworthy-ai last access: 03/01/2023

32. Fraley C., Raftery AE (1998). How Many Clusters? Which Clustering Method? Answers Via Model-
Based Cluster Analysis. Report No. 329. Department of Statistics University of Washington.

33. Georgieva P., E. Nikolova, D. Orozova, Data Cleaning Techniques in Detecting Tendencies in
Software Engineering, MIPRO 2020, 43rd International Convention, 2020, Croatia, Opatija, pp.1272-
1277, Electronic ISSN: 2623-8764

34. Georgieva P., E. Nikolova, D. Orozova, Tendencies in Software Engineering Education, ICERI2019,
12th International Conference of Education, Research and Innovation, Seville (Spain) 11-13
November, 2019, pp. 3601- 3609, ISBN: 978-84-09-14755-7

35. Georgieva P., E. Nikolova, D. Orozova, V. Jecheva, Certification In Teaching Information
Technologies For Engineering Graduates, ICERI2019, 12th International Conference of Education,
Research and Innovation, Seville (Spain) 11-13 November, 2019, pp. 4564-4573

36. Gomez-Perez A., M. Fernando-Lopez, O. Corcho. "Ontological Engineering with examples from the
areas of Knowledge management,”" e-Commerce and the Semantic Web 2nd. Ed. London, Springer-
Verlag, 2004.

37. Greller, W., & Drachsler, H. (2012). Translating Learning into Numbers: A Generic Framework for
Learning Analytics, Educational Technology & Society , 15(3), 42-57.

38. Gruber R., Translation Approach to Portable Ontologies, Knowledge Acquisition, 1993 V.5. 199-220.

39. Hadzhikolev, E., S. Hazdhikoleva, K. Yotov, D. Orozova, Models for Multicomponent Fuzzy
Evaluation, with a Focus on the Assessment of Higher-Order Thinking Skills, TEM Journal, Vol.9,
No.4, pp.22 -28, 2020.

40. Hadzhikolev E., S. Hadzhikoleva, D. Orozova, Digital Model of a Document in a University
Document Repository, XX-th International Symposium on Electrical Apparatus and Technologies
SIELA 2018

41. Hadzhikoleva S., D. Orozova, N. Andonov, E. Hadzhikolev, Generalized Net Model of a
System for Quality Assurance in Higher Education, 45th International Conference
Applications of Mathematics in Engineering and Economics (AMEE'19), 2019 , pp. 040005-1
-040005-8, ISBN: 978-0-7354-1919-3. AIP Conference Proceedings.

42. Hadzhikoleva S., D. Orozova, E. Hadzhikolev, N. Andonov, Conceptual Model of a
Centralized System for Quality Assurance in Higher Education, Proceedings of 2020 IEEE
10th International Conference on Intelligent Systems 2020, pp. 87-92, ISBN 978-172815456-
5, DOI 10.1109/1S48319.2020.9200174

43. Hadzhikolev E., S. Hadzhikoleva, D. Orozova, K. Yotov, A Comprehensive Approach to Assessing
Higher and Lower Order Thinking Skills, Uncertainty and imprecision in Decision Making and
Decision Support: New Advances, Challenges, and Perspectives, Lecture Notes in Networks and
Systems, Vol. 338, pp. 164—177, Lecture Notes in Networks and Systems, Volume 338, pp. 164—177.

44. Hayashi, C. (1998). What is Data Science? Fundamental Concepts and a Heuristic Example. In:
Hayashi, C., Yajima, K., Bock, HH., Ohsumi, N., Tanaka, Y., Baba, Y. (eds) Data Science,
Classification, and Related Methods. Studies in Classification, Data Analysis, and Knowledge
Organization. Springer, Tokyo.

Abstracts of Dissertations 2023 (9) 3-60


https://ec.europa.eu/digital-single-market/en/news/ethics-guidelines-trustworthy-ai
https://ec.europa.eu/digital-single-market/en/news/ethics-guidelines-trustworthy-ai

60 Daniela Orozova

45. Han J., Kamber M., Data Mining: Concepts and Techniques. Morgan Kaufmann Publishers, 2001.

46. Hornick M., E. Marcade, S. Venkayala, Java data mining: strategy, standard and practice, A practical
Guide for Architecture, Design, and Implementation, 2006 .

47. International Educational Data Mining Society . 2022, https://educationaldatamining.org . last access:
03/01/2023

48. Jecheva V., D. Orozova, Ontology-Based Electronic Test Result Evaluation, Advances in Intelligent
and Soft Computing, Third International Conference of Software, Services and Semantic Technologies
S3T, Springer, 213-214, 2011. ISSN: 1867-5662.

49. Kapp, K. (2012). The Gamification of Learning and Instruction: Game-based Methods and Strategies
for Training and Education. Pfeiffer.

50. Kaufmann, M., Meier, A., 2009: An Inductive Fuzzy Classification Approach applied to Individual
Marketing, In: Proceedings of the 28th North American Fuzzy Information Processing Society Annual
Conference, USA.

51. Kaushik, Web Analytics 2.0: The Art of Online Accountability and Science of Customer Centricity,
Wiley, 2010

52. KNIME — Open for Innovation: https://www.knime.com/ last access: 03/01/2023.

53. Marr B., “Big Data: Using SMART Big Data, Analytics and Metrics To Make Better Decisions and
Improve Performance”. John Wiley & Sons Ltd, 2015.

54. Millington, lan, 2006. Artificial Intelligence for Games. Elsevier Inc. Ch.7.6 Reinforcement Learning,
612-628.

55. Mobasher, B., 2007: Web Usage Mining, In: (Liu 2007, pp. 449-483).

56. Orange system [Online]: https://orange.biolab.si/training/ introduction-to-data-mining /, access:
01.08.2023

57. Orozov B., D. Orozova, An Al application in E-Learning, CEUR Workshop Proceedings 3061, pp.
76-80, September 27-28, 2021, Plovdiv, Bulgaria, ISSN 1613-0073.

58. Orozov B., D. Orozova, Rule Based System Against Reinforcement Learning, CompSysTech'21:
International Conference on Computer Systems and Technologies 21, June 2021, Pages 67-70, ISBN:
978-145038982-2

59. Orozova D., Appropriate E-Test System Selection Model, Comptes rendus de 1'Acade'mie bulgare des
Sciences, 2019, Vol 72, No 6, pp. 811-820, ISSN 1310-1331.

60. Orozova D., SQL User Queries Execution Model, Advances in Intelligent Systems and Computing
book series (AISC, volume 1081), Uncertainty and Imprecision in Decision Making and Decision
Support: New Challenges, Solutions and Perspectives, pp.184-189, 2020, ISSN 2194-5357, DOL:
10.1007/978-3-030-47024-1 20

61. Orozova D., . Popchev, Cyber-Physical-Social Systems for Big Data, XXI International Symposium
on Electrical Apparatus and Technologies SIELA 2020, Bulgaria, pp. 334 — 337, ISBN 978-1-7281-
4345-3

62. Orozova D., K. Atanassov, Generalized Net Model of Processes Related to Big Data, Comptes rendus
de I'Académie bulgare des Sciences, book No 12, vol. 71, 2018, pp. 1679 -1686.

63. Orozova D., K. Atanassov, Model of Big Data Map/Reduce Processing, Comptes rendus de
I'Acade'mie bulgare des Sciences, 2019, Vol 72, Nol 1, pp.1537-1545.

64. Orozova D., M. Todorova, Ontology concept in courses on students, TEM Journal. Volume 7, Issue 3,
Pages 693-697, ISSN 2217-8309, DOI: 10.18421/TEM73-29, 2018. ISSN (print):2217-8309 .

65. Orozova D. , M. Krawczak, Project-based Learning Modeled with a Generalized Net, Issues in
Intuitionistic Fuzzy Sets and Generalized Nets, Warsaw, Poland, Vol.12, 2015/2016, pp. 68-79, ISBN
978-83-61551-13-3.

66. Orozova D., M. Todorova, Applying Reactive Blocks in Courses of Internet of Things, Proceedings
of the 10th Annual International Conference of Education, Research and Innovation, Seville, 16-18
November, 2017, p.6960-6967, ISSN (print ):2340-1095

67. Orozova D. , M. Todorova, How to Follow Modern Trends in Courses in "Databases" - Introduction

Abstracts of Dissertations 2023 (9) 3-60


https://educationaldatamining.org/
https://www.knime.com/

Application of data science in the virtual educational space 61

of Data Mining Techniques by Example, Proceedings of the 11th Annual International Technology,
Education and Development Conference (INTED), Valencia, 2017, p. 8186-8194, ISSN:2340-1079.
68.0rozova D. , K. Atanassov, M. Todorova, Generalized Net Model of the Process of Personalization
and Usage of an e-Learning Environment, Proceedings of the Jangjeon Mathematical Society 19
(2016), No. 4, pp. 615 — 624. ISSN:1598-7264, ISSN (online):2508-7916, ISBN:89-87809-15-3.

69. Orozova, S. Hadzhikoleva, E. Hadzhikolev, A Course Gamification Model for the Development of
Higher Order Thinking Skills, MIPRO 2021, 44th International Convention, September 27, 2021 —
October 1, 202, Opatija, Croatia, pp. 1772-1777, ISSN 1847-3946.

70. Orozova D., E. Sotirova, Modeling of a Learning Management System, XVIII-th International
Symposium on FElectrical Apparatus and Technologies, Proceedings of digests, SIELA 2014, 29-31
May 2014, Bulgaria, pp. 95-98, ISBN: 978-147995817-7

71. Orozova D., M. Georgieva, A model of the process of Big Data with Generalized Net, Electrical
Apparatus and Technologies (SIELA), 2016 19th International Symposium, Bourgas, 238-241, ISSN:
978-1-4673-9521-2 , ISBN 978-619-160-648-1

72. Orozova D., A. Ivanov, Generalized Net Model of Virtual Collaboration Space, XX-th International
Symposium on Electrical Apparatus and Technologies SIELA 2018, 3-6 June 2018, Bourgas,
Bulgaria, ISBN 978-1-5386-3418-9

73. Orozova D., K. Kaloyanova, M. Todorova, Introducing Information Security Concepts and Standards
in Higher Education, TEM Journal. Volume 8, Issue 3, Pages 1017-1024, ISSN 2217-8309, DOL:
10.18421/TEM83-46, August 2019.

74. Orozova D., N. Hristova, Generalized Net Model for dynamic decision making and prognoses, XXI
International Symposium on Electrical Apparatus and Technologies SIELA 2020, 3-6 June 2020,
Bourgas, Bulgaria, pp. 330 — 333, ISBN ISBN 978-1-7281-4345-3.

75. Orozova D. , N. Hristova, An application of analytical data research in e-learning system, ICTTE
2020, International Conference on Technics, Technologies and Education, Journal IOP Conference
Series: Materials Science and Engineering Volume 1031 (2021) 012058, IOP Publishing , Online
ISSN: 1757-899X

76. Petri CA, “ Communication with Automaten”. Bonn: Institut fuer Instrumentelle Mathematik,
Schriffen des I[IM Nr.3, 1962. Also, English translation: “Communication with Automata”, New York:
Griffiss Air Force Base. Tech. Rep. RADC-TR-65-377, vol.1, Suppl. 1, 1966.

77. Popchev 1., D. Orozova, Towards a multistep method for assessment in e-learning of emerging
technologies, Cybernetics and Information Technologies, Volume 20, No 3, Sofia, 2020, pp.116-129,
Print ISSN: 1311-9702

78. Popchev 1., D. Orozova. Towards Big Data Analytics in the E-learning Space. Cybernetics and
Information Technologies, Vol. 19(3), 2019, pp. 16-25. ISSN: 1311-9702.

79. Popchev, D. Orozova, S. Stoyanov, IoT and Big Data Analytics in E-Learning, 2019 Big Data,
Knowledge and Control Systems Engineering (BAKCSE), 2019, pp. 1-5, ISBN 978-172816481-6

80. Popchev 1., D. Orozova, Text Mining in the Domain of Plant Genetic Resources, Proceedings of 2020
IEEE 10th International Conference on Intelligent Systems, 2020, pp. 596-600.

81. Popchev 1., D. Orozova, DataScience: Experience and Trends, ICTTE 2020, International Conference
on Technics, Technologies and Education, Journal IOP Conference Series: Materials Science and
Engineering, Volume 1031 (2021) 012057, IOP Publishing, Online ISSN: 1757 -899X, Print ISSN:
1757-8981 doi:10.1088/1757-899X/1031/1/012057.

82. Popchev 1. , D. Orozova, Data Analytics Approach in Virtual Educational Space, Big Data,
Knowledge and Control Systems Engineering (BAKCSE), 2021, pp. 1-5, ISBN 978-166541042-7.

83. Popchev 1., D. Orozova, Algorithms for Machine Learning with Orange System, International Journal
of Online and Biomedical Engineering (iJOE), Vol. 19, No. 04, 2023, pp. 109 -123, ISSN: 2626-8493,

84. Popchev, 1., I. Radeva, Risk Analysis — an Instrument for Technology Selection. Engineering
Sciences (2019) LVI (4) 5-20, ISSN 1312-5702, DOI: 10:7546/ Eng.Sci.LVI.19.04.01.

85. Policy and Investment Recommendations for Trustworthy Artificial Intelligence [Online]

Abstracts of Dissertations 2023 (9) 3-60



62 Daniela Orozova

https://ec.europa.eu/digital-single-market/en/news/policy-and-investment-recommendations-
trustworthy-artificial-intelligence last access: 03/06/2023

86. Popper, Karl Raimund (1972). Objective knowledge. Oxford, Clarendon Press

87. RapidMiner - Depth for Data Scientists: https://rapidminer.com/

88. Reinforcement Learning, Searching for optimal policies: https://www.cs.upc.edu/~mmartin/Ag4-
4x.pdf

89. Russell, S and P. Norvig. Artificial Intelligence: A Modern Approach, Prentice Hall, Upper Saddle
River, New Jersey, 1995.

90. Siemens, G, and Long, P, Penetrating the fog-analytics in learning and education. Asynchronous
Learning Networks, 2011.

91. Schaughency E., J. Smith, J. van der Meer, and D. Berg, Classical Test Theory and Higher Education:
Five Questions, In: Handbook on Measurement, Assessment, and Evaluation in Higher Education,
Edited by Charles Secolsky and D. Brian Denison, Publ. Routledge, 2017, ISBN: 1138892157.

92. Social Analytics 2022, https://www.gartner.com/en/information-technology/glossary/social-analytics

93. Stoyanov, S., I. Popchev, 1., E. Doychev, D. Mitev, V. Valkanov, A. Stoyanova-Doycheva, V.
Valkanova, I. Minov. DeLC Educational Portal. — Cybernetics and Information Technologies, Vol. 10,
2010, No. 3, 49-69, ISSN: 1311-9702

94. Stoyanova-Doycheva A., T. Glushkova, S. Stoyanov, D. Orozova, Lifelong Learning Supported by an
Intelligent Tourist Guide, 2018, AIP Conference Proceedings, Volume 2048, pp. 020038; ISSN:
0094243X, ISBN: 978-073541774-8, DOI: 10.1063/1.5082056

95. Todorov, J., V. Valkanov, S. Stoyanov, B. Daskalov, I. Popchev, D. Orozova. Chapter 6: Personal
Assistants in a Virtual Education Space, Sgurev V., Jotsov V., Kacprzyk J. (eds) Practical Issues of
Intelligent Innovations. Studies in Systems, Decision and Control, 140, Springer International
Publishing AG part of Springer Nature, 2018, ISSN 2198-4182, ISSN 2198-4190 (electronic),
DOI:10.1007/978-3-319-78437-3, 22, 131-153

96. Todorov J., E. Doychev, D. Orozova, A. Stoyanova-Doycheva, loT Multiagent Assistant in Virtual
Educational Space, AIP Conference Proceedings, Vol. 2048, 020031; ISSN: 0094243X,

97. Todorova M., D. Orozova, Generalized Net Model of Sequential Programs, In proc of the 20th
International Symposium on Electrical Apparatus and Technologies (SIELA 2018), 2018, Bulgaria,
DOI: 10.1109/SIELA.2018.8447068, ISBN: 978-1-5386-3420-2.

98. Todorova M., D. Orozova, Training Difficulties in Deductive Methods of Verification and Synthesis
of Program, International Journal of Advanced Computer Science and Applications (IJACSA), Vol. 9,
No. 7, 2018, pp. 18-22, ISSN:2158-107X, doi:10.14569/1JACSA.2018.090703.

99. Tuparova D., G. Tuparov, D. Orozova, Educational Computer Games and Gamification in the Higher
Education — Students' Points of View, 43rd International Convention on Information, Communication
and Electronic Technology (MIPRO), 2020, Croatia, Opatija, pp. 1879-1884 Electronic ISSN: 2623-
8764, DOI: 10.23919/MIPR0O48935.2020.9245251.

100. Unsupervised Learning and Data Clustering: https://towardsdatascience.com/unsupervised-learning-
and-data-clustering-eeecb78b422a , last access: 03/06/2023

101. Venkatram K., Geetha M. A., Review on Big Data & Analytics — Concepts, Philosophy, Process and
Applications, Cybernetics and Information Technologies, Vol.17(2), 2017, 3-27, ISSN:1311-9702;

102. Wang FY ., Driving into the future with ITS, IEEE Intelligent System, Vol.21, No.3, 2006, 94-95.

103. WEKA Waikato Environment for Knowledge Analysis: http://www.cs.waikato.ac.nz/ml/weka

104. Wordclouds - free online generator: www.wordclouds.com/

105. Zadeh, L., The concept of a linguistic variable and its application to approximate reasoning,
Published 1975, Information Sciences, v. 8, pp. 199-249.

106. Zlatev Z., J. llieva, D. Orozova, G. Shivacheva, N. Angelova, Design and Research of a Sound-to-
RGB smart acoustic device, Multimodal Technol. Interact. 2023, 7(8), 79.

107. Zumstein D., M. Kaufmann, A Fuzzy Web Analytics Model for Web Mining, IADIS European
Conference on Data Mining, 2009, pp.59-66, ISBN: 978-972-8924-88-1.

Abstracts of Dissertations 2023 (9) 3-60


https://ec.europa.eu/digital-single-market/en/news/policy-and-investment-recommendations-trustworthy-artificial-intelligence
https://ec.europa.eu/digital-single-market/en/news/policy-and-investment-recommendations-trustworthy-artificial-intelligence
https://rapidminer.com/
https://www.cs.upc.edu/~mmartin/Ag4-4x.pdf
https://www.cs.upc.edu/~mmartin/Ag4-4x.pdf
https://www.gartner.com/en/information-technology/glossary/social-analytics
https://towardsdatascience.com/unsupervised-learning-and-data-clustering-eeecb78b422a
https://towardsdatascience.com/unsupervised-learning-and-data-clustering-eeecb78b422a
http://www.cs.waikato.ac.nz/ml/weka
http://www.wordclouds.com/

BbJITAPCKA AKAOEMUA HA HAYKHUTE

ABTOPE®EPAT HA AUCEPTALMUA

32 NPUCHKIAAHE HA HAYYHA CTeNeH “IOKTOP HA HAYyKHuTe” B MPO(eCHOHATHO
HaNpaBJieHHE
4.6 "UndopmaTuKka 1 KOMIIOTHPHU HAYKH”

MpunoxeHue Ha HayKaTa 3a AaHHUTE BbLB
BUPTYanHOTO oOpa3oBaTesiHO

NPOCTPAHCTBO

HaHuena AHaHuesa Opo308a
Hay4Ho Xypwu:

Axkan. ViBaH Nonyes

Akapg. Kpacumnp AtaHacos
Un.-kop. JTtobka [ykoBcka
Mpodb. BecenuH Bupges

Mpodb. Pagocnas MowmnHos
[Mpod. Mapusa Huwesa-llasnosa
[Mpod. Mapusa Xpucrtosa

KOMYHUKAUNOHHU TEXHOJIOTUUn




62 lanuena Opososa

CboTBeTCTBUS Ha U3MOJI3BaAHUTE TCPMUHHUA OT AHTJIMHCKH e3UK

TepMHUH OT aHTJIMACKH €3UK

Big Data

Content Management System (CMS)
Cyber-Physical Social System (CPSS)
Cyber-Physical Social Educational System
(CPSES)

Data Analytics

Data Science

Data Mining

Data Cleaning

Data Integration

Data Reduction

Data Transformation

E-Learning

Educational Data Mining

Emerging technologies

Executable models

Fuzzy sets and systems

Generalized Net (GN)

Internet of Things (IoT)

Knowledge based systems

Knowledge representation

Learning Analytics

Learning Management System (LMS)
Learning System

Machine Learning

Multi-agent systems

Natural language processing
Ontologies engineering

Orange Data Mining system

Outliers

Property-based models
Reinforcement Learning
Recommendation systems

Sharable Content Object Reference Model
(SCORM)

Semantic Web

Supervised and Unsupervised learning

Ilosicuenue

roJieMH JIaHHH
CHCTEMA 32 yIpaBJieHle HA CbAbP/KaHUeTo
KHOep-(pu3nyecKa CONUATHA CHCTEMA
Kkubep-puznyecka couaIna odpa3oBaTeTHa
cucremMa

aHAJIN3U HA IaHHH

HayKa 3a JaHHMTe

H3BJIMYAHE HA 3HAHUS OT JAHHHUTE
NMOYHCTBAHE HA JAHHUTE

HHTerpaunys Ha JaHHHUTe

peayuMpaHe HA JaHHUTE

TpaHchopMalusi HA JTaHHUTE

eJIEKTPOHHO 00y4eHune

H3BJINYAHEe HA 00pa3oBaTeTHH JaHHU
HOBOBb3HHMKBAIIY TEXHOJIOIMH

H3MBJIHUMH MOJETH

Pa3MHUTH MHOKECTBA M CUCTEMHU

00001enun mpexu (OM)

HHTEPHET HAa HelllaTa

CHUCTeMHU, OCHOBAHM HA 3HAHMS
NpeAcTaBsiHE HA 3HAHUSA

yuyeOHHM AHAJTUTUKHU

cUCTeMa 32 yIpaBJieHHe HA Y4eOHUsI mpouec
y4yeOHa cucTeMa

MaIIUHHO caM000y4YeHue

MYJTHAT€HTHH CUCTEMH

00paboTKa HA eCTECTBEH €3UK

OHTOJIOTMYHO UHKEHEPCTBO

co(ryep 3a MAIIMHHO 00yYeHHE M AHAIU3 HA TaHHU

OTINYUTETHH CTOIHOCTH
MO/Ie/1d, OCHOBAHH HA CBOMCTBA
NOJCHIBAIIO 00y4YeHHE
Nnpenopb4BaLIy CUCTEMH

cnenuuKanus 3a CTAHIAPTH3HPAHO €JIEKTPOHHO

Yy4e0HO ChIAbp:KaHNe
ceMaHTU4YeH yel
KOHTPOJHPAHO H HEKOHTPOJHMPAHO 00yUyeHHe

Asmopegepamu na oucepmavuu 2023 (9) 61-120



HpuﬂoofceHue HAQ Ha@yKama 3a oarHume 68 seupmyajiHomo 06pa306ameﬂno npocmpaHcmaeo 63

YBO/JI

1. Haykara 3a nanHuTe B 00y4eHHETO

Buptyanaure obpasoBaTenHu npocTpaHcTBa [3] ca HHPOPMALMOHHH M COL[MATIHH MPOCTPAHCTBA,
KOUTO WHTETPUPAT XETEPOT€HHW TEXHOJOTMHM M Pa3IWYHM TMeJaroruyeckd Hoaxoiu. Te ca cpeda 3a
JOCTaBKa Ha yd4eOHM MaTepuaad U 00pa30BaTEeNHU YCIYTH 3a Pa3jIMYHU LIEJICBU I'PYyNHU, HE3aBUCHUMO OT
BpPEMETO M MPOCTPAaHCTBOTO. [laHHWUTE HATpPyNBaHW OT padoTara Ha 0OpPA30BATEIHOTO MPOCTPAHCTBO
MIOCTOSIHHO C€ YBEeJIN4aBaT. MHOIO CTpaHU U YHHBEPCUTETHU I10 LM CBST U3rPaKAaT HHPPACTPYKTypH
3a aHanM3WpaHe Ha Te3u AaHHU. Siemens & Long [90] ompenensar Data analytics in Education xato
"u3MepBaHe, chbOMpaHe, aHAIM3 M OTYMTAHE HA JAHHWTE 3a ydYallUTe C€ M TEXHUTE KOHTEKCTH C LN
paszbupaHe ¥ ONTHMU3HpaHe Ha 00yUEeHHETO M OKOJTHATA cpena, B KosTo ce ciyusa. Chatti [23] ompenens
LEeJINTE HA TO3W aHAIW3 KaTo: MOHUTOPHHT, IPOTHO3WpPaHe, NHAMBUAYyaIN3alys, HaMeca B 0OydyaBalus
IIPOIIEC, OLICHKA U NMPETIOPBHKU HAa 00ydaeMusl.

Tepmunute Big Data, Data Analytics m Data Mining ommcBaT KakTO caMWTe JaHHU, Taka U
TEXHOJIOTHHTE 3a chOupaHe, oOpaboTKa, ympaBleHHE Ha AaHHUTE W MeToauTe 3a aHanu3 [24]. Data
Mining e mpoueca Ha ThPCEHE Ha CKPUTU JAaHHM W 3aKOHOMEPHOCTH, NPEIBAPUTEHO HEH3BECTHH,
HETPEBHMSUTHH U MPAKTUYECKH TOJIE3HH, HEOOXOIMMH 332 B3MMaHE Ha pEIICHUs B pa3iu4Hu cdepu Ha
4qoBemIKuTe AeHocTu. Big Data Analytics ce siBsBa pa3BuTue Ha KoHuenusaTa Data Mining. CpIo Taka
€ U pa3BUTHE Ha peEIIaBaHMTE 3afadyd, cQepu Ha NPWIOKEHHE, W3TOYHHLM HA [aHHU, METOAU H
TexHosoruu Ha oopadotka. [Ipe3 1998 r. Unkno Xasum [44] BbBexkna TepmuHa Data science KaTo HOBa,
WHTEPANCLMIUVIMHAPHA KOHLEMIMS, C TPH acCleKTa: NMPOeKTHpaHe Ha JaHHM, chOupaHe u aHanus. Data
Science cr4eTaBa MHOXKECTBO MOJXOJIU W TEXHUKH, CBHP3aHU C aHAIN3 HA JJAHHW, OTKPUBAHE HA 3HAHUS,
MaIIMHHO 00y4YeHre, U3KYyCTBEH MHTENIEKT, porpaMupane, KoMmyHuKauus 1p. Data science € ,,craB“ oT
pasNuYHM AWCLUIIMHY, TEXHOJOTHH U CPEICTBA 3a aHAJIU3 Ha JaHHU U CE SIBSIBA OCHOBHO CPEICTBO 32
OTKpHMBAaHE M OMOJI30TBOPsABaHE Ha NOTeHIMana Ha Big Data [26].

TepmunsT ,,Data analysis® ce otHaca no oOpaOoTkaTa Ha JaHHU 4Ype3 KOHBEHIIMOHATHU
(KJTacMUeCcKN CTATHCTHYECKH, EMIHUPUYHN WM JIOTHYECKH) TEOPUHU, TEXHOJOTHMH W MHCTPYMEHTH 3a
M3BIMYAaHE Ha MoJie3Ha MH(OpMAIMsA M 3a MPaKTUYeCKH Lenu. TepMunst ,,Data analytics”, ot npyra
CTpaHa, c€ OTHAcs OO0 TEOPHUUTE, TEXHOJIOTMHTE, MHCTPYMEHTHTE U IPOLECUTE, KOUTO I103BOJISBAT
3aabI004YeHO pa3OupaHe Ha U3cieaBannuTe JaHau [21].

Cn0upaHeTo Ha IaHHM 3a aHAJIM3 HA O0OYYEHHETO CEe OTHACS /10 LEHs MPOLEC U BKIIOYBA BCUUKH
JaHHH, TOJYYEeHHU 0 BpeMe Ha yueOHHuTe NeifHocTu. ToBa ca MHOrO M pa3HOOOpa3HM TUIIOBE JaHHH.
MexayHapoaHata opranuzanus o cranaapruszanusi, IMG Global Learning Consortium (IMG Global)
KJIacuuIypa JaHHUTE, KOUTO MOTaT Jia ObAaT CbOpaHu M aHAJIM3UPaHU B 00JIaCTTa HA 00pa30BaHUETO B
MeT BUJA: JaHHU 32 y4eOHOTO ChABP)KaHME; JaHHU 3a yueOHaTa JIEHHOCT; ONepaTWBHU JaHHW, aHHH,
CBBP3aHH C KapHEPHOTO Pa3BUTHE; JaHHU 3a npoduia Ha oOydaemusa. ToBa € MpeANnocTaBKa 3a MosBaTa
Ha Learning Analytics [23], HOB KJIOH Ha aHaJHM3 Ha JAHHH, KOUTO BKIIFOYBA HAUYEPTAaHU IIEITH H METOJU OT
00pa3oBaTeIHN U IICUXOJOTHYECKH U3CIICBAHNS.

ITpe3 2009 r. Avinash Kaushik my6nukyBa kaurata "Ve6 ananus 2.0", B kosito gedunupa Digital
Analytics kaTo ,HEIPEeKbCHATO aHaJIM3MpPaHE Ha KOJIMYECTBEHH U KadeCTBEHW JMJaHHU OT yed
MPOCTPAHCTBOTO, KOETO Jia MOA0OpH OHJIAWH NPEKHBSBAHETO HA MOTCHIMAIHUTE KIMCHTH M Taka Jia
JoBeAe 10 xKenanute pesynaratu’ [51]. BeBeneH e moaxoa Ha pas3iensHe Ha JAHHUTE Ha pa3iuveH
MIPUHIIMII, KOETO UM TIpHJaBa crieliuGuIHo 3HaYeHre. HaBnmu3aHeTo v Moy sipu3upaHeTo Ha COUATHUTE
MpEXH TIOCTaBsl HAa4yaJloTO W Ha CBHBPEMEHHHUS colMaieH aHaiuu3 Social Analytics, ompenensH KaTo
"Halbumo/IeHNe, aHAIN3, U3MEPBAHe M THIKYBaHE Ha MU(PPOBUTE B3aUMOJEHCTBHA U B3aMMOOTHOIIIEHHUS Ha
xopa, TeMH, uaen u ceabpkanue” [92]. To3m anHamu3 n3ciie[sa possiTa Ha COIMMATHUTE B3aMMOJICHCTBHUS B
mpolieca Ha y4eHe U TIXHOTO BIHMSHUE BbPXY Hampeabka Ha 00ydaeMuTe.

W3pnuuyanero Ha oOpa3oBaTelHM JaHHH, Hapu4aHo oule FEducational Data Mining, ¢
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nepuHUpaHO KaTo ,,UCIMIUIMHA, 3aHMMAaBaIla ce C pa3pabOTBaHETO HAa METOAM 3a H3CIEBaHE HA
YHUKQJIHUTE U BCE MO-Mam[adHM JaHHH, KOMTO MIBAT OT 0Opa30BATETHHUTE CPEIH, W W3MOI3BAHETO HA
Te3W METOAM 3a Mo-1o0po pa3bupaHe Ha oOyuaeMuTe M Ha cpefaTa, B KOATO Te ydat“ [47].
WuTterpupaiiky cpencTBaTa 3a M3BIMYaHE HA 3HAHUS OT JAaHHUTE B OOydYaBalIUTe CPEId, MOraT Ja ce
TBPCAT TCHIACHUUH B Pa3BUTHUETO Ha MPOLECHTE Ha €NEKTPOHHOTO OOY4YEeHHE M HETOBOTO OOCIy)KBaHE.
[IpocnensBaiiku mpoueca Ha M300p M H3MON3BAHE HAa Pa3IMUHM CPEACTBA MOraT Ja ce M3rpakaaT
ONTHMAIHH Y4eOHH Cpequ C BB3MOXXHOCTH 32 IEPCOHAIM3UPAHO OBIAJIBAHE HA KIIOYOBH 3HAHUS,
yYMEHUS M KOMIETeHIMHU. MoraTt aa mpeJBUIAT MOTeHIMalHaTa 3aryba Ha o0ydaeMu, Ja ce ONpenessiT
KOM JICHHOCTH IIe Ce TNPEIIOYhTaT M KakBa Ie € TiaxHara edekruBHOcT. HoBure nHpOpMannoHHH
TEXHOJIOTUM JONpPUHACAT 3a H3CIe[BaHE, aHAIU3UpaHe U pa3BUBaHEe Ha OOydaBalllUTE CPEAM KaTo
HaOJI0AaBaT ¥ U3MEPBAT PAa3IMYHU ACTIEKTH Ha BUPTyaiHata U u3ndeckara cpeaa, B KOSITO ce POBEXaa
o0ydJeHHneTo.

2. Ilea u 3aga4m HA AUCEPTALMOHHUS TPYA

IenTa Ha U3CNEIBAHETO Ca TEOPETHYHU 00OOIICHHS HA MPOLICCUTE Ha HAOIIOJCHUE U aHAJIU3 Ha
JTaHHHUTE OT AMHAMHYHOTO B3aMMOJEHCTBHE Ha 00eKTH B oOydaBaia cpena M Ch3IaBaHEe HA METOIH U
MOJICTIH 3a pelllaBaHe Ha HAyYHHM WM HAYYHONPHIOKHHU MPOOJIEMH BbB BUPTYAIHOTO 0Opa30BaTEIIHO
MPOCTPAHCTBO.

3a mocTUraHe Ha IIeNITa ca MOCTABEHH CICTHUTE YETHPH 3aJaUH:

* AHanu3 Ha MpUJIaraHeTo Ha CPEJCTBA 3a M3BJIMYAHE HA 3HAHUs B 00y4aBaIlIUTe MPOCTPAHCTBA U
THPCEHE Ha PEIICHHS 32 EPCOHATM3NPAHE Ha eNICKTPOHHOTO U TUCTAaHIIMOHHO O0YyYCHHE.

* Cp3maBaHe Ha METOJAM 3a OICHSABAHE UM NPOTHO3MpPAHE HA 3HAHUATA, YMCHHUATA U
KOMITCTEHTHOCTHTE Ha 00y4aeMHUTE BbB BUPTYATHOTO 00Pa30BaTEIHO MPOCTPAHCTRO.

+ Cp31aBaHe Ha MOJIENH, KaTO PE3yiITaT OT TEOPETUIHHN 00OOIEHNUS Ha TPOIIECUTE Ha HAOIIOICHHE
W aHaNM3 Ha JieWHOCTUTE Ha oOydaemuTe, cBbp3anu ¢ Big Data Analytics, Data Mining, Web metpukw,
00001IeHr MpEeKH, MAITTHHO O0YYeHHE U Pa3MUTA JIOTHKA.

* BobBexmane Ha 0a30BM MOAYJIM W HMHCTPYMEHTH Ha HayKata 3a JAHHUTE 3a pCIICHUS Ha
HAYYHOIPHUIIOKHHU MPOOJIEMH B 00YUCHUETO.

I[I/IcepTaLII/IOHHI/IﬂT TPpyAd Ha TEMa ,,HpI/IJ'IO)KeHI/Ie Ha HayKaTa 34 AaHHUTC BHB BUPTYAJIHOTO

2

o0pa30BaTeIHO IPOCTPAHCTBO ~ BKJIOYBA 49 ¢urypu, oubnuorpadusra odoxsamia 220 U3TOYHHKA, OT
KouTo 197 Ha aHTTIUKCKU €3HK.

TekcTbT € opraHm3upaH B YBOJ, IIE€T IJIaBU W 3aKiIoYeHHe. B yBoma ce mpaBu mperien Ha
OCHOBHHUTE TIOHATHSI W KOHIICTIIMHM Ha M3cieaBaHara obnact. [JeguHupa ce nenta Ha IUCEpTalMOHHUS
TPyI W CBBpP3aHHTE C HEHHOTO TOCTUTaHE 33/7aud. B mbpBa riaBa ce pasriexaa obiacTra Ha
BUPTYaJTHOTO 00pa30BaTEeHO MPOCTPAHCTBO, OCHOBHHUTE XapaKTEPUCTUKU U BH3MOXKHOCTH Ha TaKbB THIT
nH(}pacTpykTypa W MOTHBAaNMATa 3a IPOBEJACHATa HaydyHOM3cilenoBaTelcka pabora. Bropa ruaasa
NPE/ICTaBs ChCTOSHUETO, NpeUIaraHy PelIeH s, 00IIa XapaKTePUCTHKAa U Bb3MOXKHOCTH 332 MHTETPALHs
Ha CpEJICTBA M WHCTPYMEHTH KBbM BHUPTYaTHOTO OOpa30BATENHO MPOCTPAHCTBO. B Tpera raaBa ca
NPEe/IOKEHH METOJM M TEeXHHKH 32 MOJENIMpaHe Ha HpOLECHTe B 00pa30BaTEIHOTO MPOCTPAHCTBO, C
MPWIOKEHWE HAa WHCTPYMEHTH 32 M3BIMYaHE Ha JaHHU B oOpasoBareineH koHTekcT (Educational Data
Mining). B 4erBbpTa IaBa ce pasmiekIaT paOOTHHU TPOLECH BHB BUPTYATHOTO 00Opa30BaTEIHO
MPOCTPAHCTBO U TEXHU (OPMaIHU MOAEIH Ype3 arnapara Ha 00o01menuTe mpexu. [lera rinasa npeacrass
NMPaKTUKA W TEHJISHIIMM TpPU HaABIM3aHETO Ha Haykata 3a jgaHnHute (DataScience) BBB BHCIIETO
oOpaszoBanue. 3aki04YeHHeT0 0000ImaBa pe3yiaTaTUTe M JaBa HACOKM 3a TNPOIBJDKaBaHE Ha
W3CIIe/IBAaHMATA TI0 TeMaTa Ha aucepTanuoHHus tpyn. [Ipunoxenu ca: Jlexnapaisi 32 OpUTHHATHOCT Ha
pesyararure, [lpuHocu Ha paucepralMoHHUs TpyH, CHHChK Ha MyOJMKaUHWTE II0 TeMmara Ha
JIUCEePTAUOHHMSA TPY.
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I''TABA 1. BUPTYAJIHO OBPA3OBATEJIHO ITPOCTPAHCTBO

1.1. ApxXuTeKTypa Ha JaHHUTE HA BUPTYaJIHO 00Pa30BaTEIHO MPOCTPAHCTBO

Pasrnexnaiiky apxuTeKkTypara Ha BUPTYAIHOTO 00pa30BATEIHO MPOCTPAHCTBO OT IJICJAHA TOYKA Ha
JAHHWUTE, aKICHTHT CE MOCTaBs BhPXY Pa3IMYHUTE HUBA 3a NPEICTABSIHE HA JaHHU M CBHP3aHUTE C TIX
MEXaHU3MH 3a ChOMpaHe M aHalW3 Ha JaHHW, 32 W3BIMYaHe Ha WHGOpPMAIUS W TPOTHO3HUPAHE
MOBE/ICHUETO Ha cpenata u oOyuaemute. Ha durypa 1 ¢ HanpaBeHO 00001eHIE B YeTUPU 0a30BM HUBA
Ha TpeJCTaBsHE Ha JAaHHWTE, HO Morar jJa ObJIaT pasriekJaHd W JIPYrd HUBA B 3aBUCHUMOCT OT
MPUIATAaHUTE KPUTEPHHU 32 ChXPaHECHHUE U JIOCTHII.

HwuBo npunoxenus Ha
JTaHHH MamunHO 06yuenue, Knacudukarmus,
Kirscrepuzanus, Ananus Ha JaHHU U JIp.
J
Data Science
HuBo Ha aHaTUTUYHU NOANPOCTPAHCTBA Wnremrentan arenti, IoT, Cloud
n3uncieHust, CeMaHTUYHU OIX0IN
J
Ipouecu Ha aHanuTHYHA 00pabOTKa Ha JaHHUTE
HuBo Ha nanHWTE B XpaHUIUIIATa Mpexa oT ceH3opu, basu OT gaHHw,
[aHHM OT coumanHu mpexu u ap.
J
W3TouHMIIN HA TAaHHU U CPEJICTBA 33 U3BJIMYAHE HA TAHHU //

BupTyanHo o6pa3oBaTesiHO NPOCTPAHCTBO U PU3NYECKUA CBAT

Ourypa 1. DyHKINOHATIHN HUBA BEB BUPTYaIHOTO 00pa30BaTEITHO IPOCTPAHCTBO

IIvpeo Hueo: lawnu om upmyanHomo o0OpaA308amMerHO NPOCMPHCMBO U UIUUECKUS CEM.
Nzrounniiute oOXBamar NMPoOKo 1oJie, O0CTUHIBAHKHN JaHHH MTOJy4aBaH! OT CEH30PHU JaT4UIH, JaHHU
OT COIMAJTHA MPEXH, 0aza OT JaHHU 3a 001acTTa Ha 00y4YEHHETO ¥ MHOTO JIPYTH.

Bmopo nueo: Xpanuruwa na oannume. ToBa HUBO TPEIOCTaBsI BCHUKH JaHHH 32 ChCTOSHHETO Ha
(m3uyeckus CBAT, MPEHECEHH BHB BHPTYyaHATAa Cpela Ha MPOCTPAHCTBOTO. BKIOWBAa M3MOI3BAHETO HA
TEXHOJIOTHH 32 ChOMpaHe, ChXpaHsIBaHe, 00pa00TKa Ha JaHHU U MHCTPYMEHTH 33 aHaJIH3.

Tpemo nueo: Xpanuruwa ¢ aHATUMUYHU TNOONPOCMPAHCIBA Ha OanHume. J|aHHWUTE BHB
BHUPTyaJIHUTE 00pa30BaTEIHU MPOCTPAHCTBA MOTAT Ja OBJAT Pa3reKIaHNd OT Pa3IHMYHU TIICAHH TOYKH U
MoJITaraHy Ha pa3iIMYHH BUIOBE aHAJM3H.

Yemewvpmo nueo: Ilpunosicnusm cioti peAocTaBsi Ha NOTpeduTenuTe HAOOp OT MHCTPYMEHTH U
nHTepdelicn 3a yrpasieHne, 00padoTKa 1 BU3yaIN3UpaHe Ha JaHHH OT MPEAXOTHH CIOEBE.

Hosure TexHon0rnu 3a pabora ¢ ToieMH JJaHHU M TEXHHYECKaTa MOII| Ha CbBPEMEHHUTE KOMITIOTPH
Ch3/1aBaT BH3MOXKHOCT 32 MHOBATUBHU MIPHUJIOKEHHS, 0a3UpaHN Ha MHTETPUPaHe Ha PA3HOPOIHH JaHHU.

1. 2. BupryayiHo 00pa3oBaTe/THO POCTPAHCTBO B KOHUenuuaTa MHTepHeT Ha HelaTa

Konneniusra 3a Untepuer Ha Hemara (IoT) nedunupa ycrpoiicTBara minm o0ekTute (Heliara),
ChCTaBIISBAIll €KOCHCTEMa, KOSTO OOWTaBaT © oOoraTsBaT 4Ype3 CHOJCNsSHE Ha CBOUTE
(YHKIIMOHAIHOCTH, ChIbpPXKAHME W 3HAHUA. EJIEKTpOHHOTO OOydeHHE MOXKe Ja ObJe BKIIIOUCHO B
ycnoBusTa Ha [oT. Beeku acniekT Ha oHIIAliH 00pa30BaHUETO € HENIO WM KOMOWHAIMS OT Hella B Ta3u
€KOCHCTEMa: yueHe, OIlCHKa, MHTSJIMTeHTHa oOpa3oBarenHa momonl u ap. HaBnuzanero Ha MHTepHer
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MOBCEMECTHO B HAIMs XHBOT W IMOCTENeHHata My TpaHcopmanus B WHTepHeT Ha Hemata e
MIpEATIocTaBKa 3a Ch3JaBaHe Ha ‘“‘kuOep-mpoctpancTBo” [16]. B [14] ce medwunupa ,,kudep-hu3mdecka
cucrema™ (Cyber-Physical-System, CPS) karo wmHXeHepHa CUCTeMa, M3rpajJicHa OT W3YUCIUTEIHU U
¢bmudeckn kommoHeHTH. "®dum3nmdyecku' ca  eIEeMEHTHUTE Ha CHCTEMara, 3acMamd  (HU3HIeCKO
MPOCTPAHCTBO, "KHOEp" ca M3UUCIUTETHUTE U KOMyHUKAIMOHHH €JIeMEHTH Ha cucTemaTta. OTUYUTaHETO
Ha cornuanHata komroHeHta B CPS s tpancdopmupa B kubep-usudecka commanna cuctema (Cyber-
Physical Social System, CPSS) [102]. Peanuzamusita B cdeparta Ha ob6pazoBanuero ce siBsiBa kato CPSES
(Cyber-Physical Social Educational System) u mnpexncraBs momMHoxkecTBo Ha CPSS B jomeiina
,,00pa3oBaHHe 1 00y4deHne" .

Morar 5a ce mocouaT yCHEIIH! Pe3yJITaTy 3a UHTErpanys Ha BUPTyalHarta cpena ¢ Gusndeckus
cBiaT. B nmabGoparopusita ,,llenTsp 3a enextponHo odyuenue DeLC (Distributed eLearning Center) nHa
[InoBauBCKHA yHUBEpCHUTET ce pa3paboTBa KnOep-pu3nvecka-connaiHa CHICTEMA, KOSATO Ce M3rpaxkia
KaTo HaCJIEIHUK Ha cucteMara 3a eynekrpoHHo oOydenue DeLC [93]. Tsa e mapeuena VES (Virtual
eLearning Space) u ce peanusupa 4pe3 areHTHO-OpUEHTHPaH Noaxoa. M3rpaxmaHnoTo o0pa3oBaTEITHOTO
npoctpancTBo [95] ce "HacemsBa" OT aKTHBHHM aBTOHOMHH KOMITOHEHTH, HapeueHU acUCTEHTH. Te ca
HUMIUICMCHTUPAHU KAaTO HHTCIMICHTHU CO(i)TyepHI/I arcHTu, KOUTO IOAABbpKAT IUIAHUPAHCTO,
OpPTaHHM3WPAHETO U M3MBIHEHUETO Ha y4eOHus mporec [86, 96]. [IpocTpaHCTBO MHTETpHpa BUPTYATHUS
CBSIT Ha EJIEKTPOHHOTO OOy4YeHHWE C HMHTEIUTeHTHH YCTPOWCTBA, CEH30pH 3a ChOMpaHe Ha JaHHU OT
(u3nUecKus CBIAT, KOMYHUKAIIMOHHN HH(DPACTPYKTYPH U CUCTEMHA apXUTEKTYypa.

[ToBeyeTo YHHMBEPCHUTETH B CTpaHATa peaau3upar MPOCKTH 3a MpWiaraHe Ha WHOOPMAIMOHHU
TEXHOJIOTHHM M HOBATOPCKHU MOAXO0IH, Oa3upaHi HAa TOTOBHU CUCTEMH 3a yImpaslicHHe Ha o0ydenueTo. [lpu
TE3W CPEIIU JIUICBA TSACHA HHTETPAIUs Ha BUPTyallHATa cpefia ¢ GU3NIECKHUs CBSIT Ha y4eOHUS mporiec.

B paMkuTe Ha TO3M JUCEPTAllMOHEH TPYA BHUPTYaTHOTO O0OpPa30BATENHO MPOCTPAHCTBO Ce
neGuHUpa KaTto cpena, KOATO WHTErpHpa pasindHd WHGOPMAIMOHHU TEXHOJOTHU H TIEaroruuecKu
MTOIXO/TU 32 JIOCTaBKa Ha yuyeOHM MaTepuand W 00pa3oBaTEHU YCIYTH B aOCTpakTeH yHuUBepcuTeT (0e3
Ja peanu3upa uUHTerpanus ¢ ¢uznyeckus cBAT). OOXBamla pa3iTuvyHd 00pa30BAaTEIHH MHCTPYMEHTH U
pecypcH, KOUTO ce U3MON3BaT B AUTHTAIHA GopMa, 3a Ja ce momoOpu 00pa3oBaTeHUs MPoIeC. Y CHIIUSTa
ca B MOCOKa pa3pa0OTBaHEe Ha METOJIOJOTHS 32 CTPYKTYpUpaHe W MOJICIMpaHe Ha MPOIEecUTe Ha
oOyueHue, neTaiau3upane u popmanu3aius Ha MPOIECHTe.

1. 3. BupTyaJIHOTO 00pa30BaTEJHO MPOCTPAHCTBO U rOJIeMUTE JAHHU

BupryanHoTo 00pa3oBaTeHO MPOCTPAHCTBO E€KEIHEBHO CHOMPAa OrPOMHO KOJIMYECTBO JaHHH,
KOETO M3HCKBa HOB NOAX0J B TsixHarta oOpaborka. C Tepmmua "BigData" ce ompemensr ycunusra B
OpTraHU3UPAHETO, ChbXPAaHEHNETO, 00paboTKaTa 1 aHaJIM3a Ha TOJIEMU JaHHHU, KOUTO ca TOJIKOBAa 0OEMHHU H
CIIO’KHHU, Y€ € HEBb3MOXKHA TSIXHaTa 00paboTKa ¢ TpaJUIIMOHHUTE PUIIOKEHHsI 3a paboTa ¢ naHuu [12]. B
[62] ce mpemiara Mojei, ONMHMCBAll MPOLECUTE CBBP3aHH CHC ChXpaHEHHE, 00paboTKa M aHAIU3 Ha
roJIeMH JJAaHHHU, KOUTO U3MCKBAT HOB MOTJIE] M CbBMECTHO IpHJIaraHe Ha peulla yTBbPACHH TEXHOIOTHH.
B [63] ce mpeamara Mojaen Ha MpoLECUTE, CBBP3aHHU C pa3MpeesieHd W3YHCIeHHs, 0a3upaiKku ce Ha
Map/Reduce napaaurmara, Opy U3M0JI3BaHE HA PA3IMYHH QJITOPUTMH U HHCTPYMEHTH 32 Pean3aliusl.

1. 4. BupTya/iIHOTO 00pPa30BaTeIHO MPOCTPAHCTBO HA HOBOBb3HUKBAIINTE TEXHOJOTUH H PUCKOBE
BopnemuTe TeXHONOTMH ce XapaKTepU3UpaT C pajJuKaliHa HOBOCT, OBP3 pacTeXk M BB3JICHCTBHUE
BbPXY OCTaHAJIUTE TEXHOJOTWUU € TPHETO Jia C€ HaphyaT HOBOBB3HUKBAIM TEXHOIOTUU (emerging
technologies) wnm TonpuBHU TexHoNorum (disruptive technologies) [19]. B amepukaHCKH W3TOYHHITHA
TE3H TEXHOJIOTHH C€ ONPEICIIAT U KaTo Opuiaumuu mexuonozuu [20], KOUTO ce pa3BUBAT BHB BPEMETO U
“MaT TOTEHIMAl Ja IOBHUINAT BJIMSHUETO CH BBPXY INPOIECHTE HA IPOU3BOACTBO Ha 3HAHUS.
H3KyCcTBEHHSAT HHTEJIEKT € ,,cbpyeno* Ha HOBOBB3HUKBAIUTE TEXHOIOTHH, 3alI0TO CBBP3aHUTE C HETO
Hay4YyHU MpoOMBH (hopMHpaT HampaBleHUs, YMeTO (YHKIIMOHUpPaHE 3aBUCH B HAW-TOIsIMAa CTEIEH OT
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MIPEeICTaBSHETO Ha 3HAHUATA M HIMUATHPAHE Ha CITIOCOOHOCTHTE HAa YOBEIIKUTE PA3ChKICHUS.

LundpoBure TEXHONIOTHH CTaBaT BCE MO-CIOKHUA M HHTETPUPAHU M KAaTO TaKWBA T€ MPEIN3BUKBAT
3HAYUTEIHU TpaHChOpMaIK B OOIIECTBOTO M WMKOHOMHUKATa. Ta3u NpOMSHA MMa  HOJIOMCUMETHU
6v30eiicmeus, HO TPAOBA a OTYNUTAME U OmMpuUyameaHume 6v30elicmeua KaTo HalpuMep: 3ary0a Ha
paboOTHM MecTa B TPAJAUIUOHHU NPOPECHU; KUOCPHPECTHIIHOCT W XaKEPCKH aTaKW; TpPElIKd U
HEpa30MPacMOCT, HEOOXOJUMOCT OT HOBU KOHIICTIIMK 3a OTIOBOPHOCT, OTYETHOCT W YIIPaBIICHUE;
MOBUIIAaBaHE HA HEPAaBEHCTBOTO MEXAYy Xopara. M3mokeHnTe Ha HaW-roasM Opoil pucKoBe ca
TEXHOJOTMHUTE Ha ,,JI3KyCTBEH HMHTENEKT W B3eMaHE Ha pemeHus”, ,'0JieMH NaHHU M PEHICHUS,
,/koHOMHKa Ha crnoxensHero, ,3D medar W TPOU3BOIACTBO, MOTPEOUTEIICKH TMPOAYKTH U
3npaBeonaspane”,, ,,Hamrero mudposo npuckcTeue u ,,ABTOHOMHHA aBToMOOWIH ™ [84]. 3a 1a npoabIKU
Ja Ce pa3BUBA KOHICMIMATA HA BUPTYAIHOTO OOpa30BATENHO MPOCTPAHCTBO B Ta3W JUHAMHYHA U
XEeTeporeHHa cpefa, TS TPSAOBa Ja ce aJanThpa KbM XapaKTEepPUCTUKUTE W M3UCKBAHUATA, KOUTO cpeaara
Hanara. Ho Bcuukum mpoMeHW TpsiOBa Nla ca TMOJYMHCHM HA TIOJIMTHKA W WHBECTHIIMU 33 HAJCHKJICH
M3KYCTBEH MHTEJIEKT [85] 1 1a ca OCHOBaHM Ha €THYEH M OpUEHTHPaH KbM doBeKa moaxon [31].

1. 5. MopneJsin 3a aHa/IM3 HA IpeAMeTHATA 00J1acT

B nmuteparypara [4] popmarmHUTEe MOZIETN 33 aHAIM3 Ha MPOTPAMHO OCUTYPSIBAHE CE Pa3feiisiT Ha:
MOJI€JIN, OCHOBAHU Ha CBOWCTBA, U3IIbJIHUMH MOJEJIN M MOJENIN UHTETPUPALIH ABATa TOAX0AA.

KbM u3IBbIHUMHTE MOJIENN c€ pasriiexaaT Mpexure Ha [leTpu kaTo mpocTo U ACHO CPECTBO 3a
Monenupane [76]. Te umat pasmmpeHus, J0OaBsIIM HOBU CBOHCTBA M BB3MOXKHOCTH 332 MOJCIHpaHe.
HezaBucumo ot TexHure cneunpuKanyuy, BCHUYKUA T€3M MHCTPYMEHTH UMaT HO3ULUH U MPEXOIH (IbrH) U
s7ipa, KOUTO ce ABMKaT B MpexkaTa. OCHOBHHU pa3iiMpeHus Ha mpexure Ha [lerpu [8, 9]:

o EN — Evaluation nets 106aBsT MPOIBIDKUTETHOCT HA JBMKEHUETO Ha SIIPOTO;

o TPN — Temporal PN no6aBsIT MOMEHT 332 aKTUBHPAHE Ha MPEX0/1a;

0 CPN - Color PN. Besiko sapo uMa IBSAT ¥ MOKE Jia C€ JIBHXKU CaMo I10 JIbIH OT ChILHUS I[BSAT;

0 SPN — Stochastic PN. 1360pbT Ha pra ce OCHOBaBa Ha IMPOU3BOIHO TE€HEPUPAHO YHCIIO;

0o SMPN — Self Modifying PN. Ilpu camomoauduimpamute ce Mpexku Ha [leTpu, u300pbT Ha
Zbra c€ OCHOBaBa Ha reHepupano 1BonyHo yucio 0 wim 1, (kato npu 0 mpexoabT HE CE U3BBPIIBA);

0 PRON — Pro-Net BbBexX/1a TUIl HAa MPEXOJIA;

o PTN — Predicate/Transition Net. Te3un Mpexu JeUHUPAT YCIIOBUE HA IPEX0/1a;

0 MN - M Net, ipu KOUTO siApaTa U3MbIHABAT U AOI'BIHUTEIHU IPOLETYPH;

0 GMPN - Generalized Modifying PN — s1poTo ce Norjiblia, KOrato npeaukarsbT reaepupa 0,
B IIPOTUBEH CJIy4ai MpH reHeprupane Ha | SApoTo U3BBPIIBA IPEX0a.

0 GN Generalized Net — obequHsABAT pa3lWYHUTE PA3IIUPEHHs B €AWHEH (HOpMalu3bM 32
OMMCaHUE Ha MapajieIH0 MPOTHYAIlM Tporecu. PaznuuHute pasmmpeHus Ha Mmpexute Ha Iletpu u
Bpb3KaTa MEKAY TSX ce MpeacTaBs Ha (urypa 2.

PN.
— |
EN TPN CTN SPN SMPN
PRON PTN
| ™~
N

GN
®durypa 2. Pasmupenus Ha mpexxute Ha [letpu
B derBppTa TmaBa ca mpeacTaBeHH (GOpMATHA MOJETHW HA TPOIECH W KOMIIOHEHTH Ha
BUPTYaJIHOTO 00pa30oBaTesIHO MPOCTPAHCTBO Ype3 armapaTa Ha 00o0IiieHuTe Mpexu. Te ca 0000IieHre Ha
Ch3/alieHa cepHus OT MOJEN, CBhp3aHH C HaONIOJIEHWE W aHajdu3 Ha JICHHOCTUTE HAa OO0y4YaeMHTE B
obpasoBarenHa cpefa, mpeAcTaBeHu B myonukanuure [59, 62, 63, 68, 40, 41, 70, 71, 72, 74, 69, 97, 99].
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I'/TABA 2. CPEACTBA HA BUPTYAJIHOTO OBPA30BATEJIHO TIPOCTPAHCTBO

BupryasHoTo 00pa3oBaTe;THO NMPOCTPAHCTBO Ce pa3riieskaa KaTo cpeaa, KOITO HHTerpupa
pa3iu4Hu MHGOPMALMOHHU TEXHOJIOTHH, NeJAroruyecku IoAXoAH, 00pa3oBaTe THU MHCTPYMEHTH
H pecypcH, KOMTO ce M3MOJI3BAT B AWUTHTaJHa (opma, 3a A0CTABKA HA y4eOHHM MaTepHaJd W
o0pa3oBaTeJIHU yCJYIH B a0CTPAKTEeH YHHBEPCHUTET.

Haykara 3a maHHWTE MOXE Ja JaJic MHOXKECTBO TOJI3H B YNPABICHHETO HA YHUBEPCHTET U Jia
MMOMOTHE 3a Tojo0psiBaHe Ha e()EeKTHMBHOCTTa M B3EMaHETO Ha perieHus. KaTto ce MMaT mpeaBui
KOHKPETHUTE HYXIH W IleTM Ha oOpa3oBaTelHaTa WHCTUTYIMS MOTaT Ja ce u3bepaT MOJXOISIIN
WHCTPYMEHTH M METOJIMKH 32 aHaJH3 Ha JaHHHTE. [IpocTpaHCTBOTO ce pasriekia KaTo akTHBHA CHCTEMA,
OTBOPEHA 3a KOMITOHEHTH C OOII MOAXOJ 3a JOCTHII M U3IOJI3BaHe Ha uHGpopmanmsara [1, 55]. Takara
crcTeMa OCHUTYpsiBa 0a30BH KOMIIOHEHTH KaTo:

* CpencrBa 3a ch0upaHe, IpPeYUCTBaHe U €(PEKTHBHO ChXpaHeHHE Ha MaHHUTE. ChXpaHsABaHATA
nHpopMarus na ObJe MOCThIIHA HAa DPA3NWYHA HUBAa HA JOCTBHI W OT PA3IMYHH MPHIOKEHUS 3a
M3BIMYaHE, TTOKa3BaHEe M B3€MaHe Ha PEelIeHNs, KaKTO M KOHTPOJ Ha JOCThIIA 0 JaHHHUTE. BB3MOKHOCTH
3a CBbP3BaHE HAa WH(POPMAIIUSITA, TIOJYUYCHA OT pa3jIMyHU U3TOYHHUIIH.

* CpencrBa 3a ynpaBjieHHE Ha 3HAHHS C Bb3MOKHOCTH 32 MHTEIWICHTHO TBPCEHE U YETEHE,
KOHTPOJ 3a ISUIOCTHOCT M KOPEKTHOCT Ha JJAHHWTE, aBTOMATU3UPAaHO M3BIMYaHe Ha WHGpopManus U Jp.
Tyk ce BKIIOYAaT MHCTPYMEHTH 3a yIpaBJieHHE Ha KadeCTBOTO HAa JAHHUTE, aBTOMAaTHU3UPAHO OTKPHUBaHE
Ha MOJIEJIM B JaHHUTE U BB3MOXXHOCTH 32 CAMOOOHOBSIBAHE HA JaHHUTE.

» CpencTBa 3a ONTUMU3UPAHE HA Ipolieca Ha M3IIBJIHEHHE HA 3asBKHU 32 THPCEHE U JOCTBII 10
nHpopMmarusaTa. CpencrtBa 3a mpeoOpasyBaHe M BH3yaIH3WpaHe Ha WHPOpPMAIMsTa, 32 IO-JIECHO
BB3IPHEMaHE U U3I0JI3BAaHE OT OTPEOUTEIS.

* BE3MOXKHOCTH 32 MHTErpUpaHe Ha KOMIOHEHTHU C Pa3HOPOIHH TEXHOJOTHUU M TEIArOrMYeCKU
METO/TH, TIOCPEACTBOM Bh3MpHUEMaHe Ha OO apXUTEKTYPHH MTOIXO0/IH 32 CHCTEMATA.

OcBeH 0a30BUTE CpEJCTBA, HAUMH 3@ AHT@KUpaHe Ha BHUMAHUETO Ha oOydyaemHuTe € Ja ce
WHTErpupaT B y4eOHHUsS] IMPOLEC OHE3U CPEICTBA, KOWTO TE H3MOJI3BAT €XKEIHEBHO B JIMYHOTO CH
BHUPTYaJIHO POCTPAHCTRO.

HHTerpupaHeTo Ha Cpe/CTBA 3a U3BIMYAHE HA 3HAHUS B CPEUTE 32 OOYUCHHE MOXKE 3HAUHTEIIHO
na momoOpu o0pa3oBaTeNHHUs MpoLEC KaTo MPEeAoCTaBd LeHHa HWHpopManuss Ha oOydaemHure,
MpernoJiaBaTeuTe W aJAMUHHCTPATOPUTE, HO OT CBOSI CTpaHa H3HMCKBA €(QEKTHBHO YIpaBlieHHE Ha
oOpa3oBaTejHMUTe AaHHU. ToBa BKJIIOYBA ChXpaHEeHHE, OOpabOTKa W 3allUTa HA JaHHUTE, KaTro ce
OCUTYpsIBA TSIXHATa CUTYPHOCT M TMOBEPUTENHOCT. Te TpsAOBa na ObAaT M3MOJI3BaHU CHOOPA3HO €THYHU
MIPUHILIMITK U Ja 3a4XUTaT MpaBaTa Ha JINYHOCTTA U TIOBEPUTETHOCTTA.

B Tasu riaBa or AucepTanMOHHUS TPYA ca 00OOLICHH Pe3yNTaTH OT MPOBEIEHH W3CIEABAHUS U
aHaJIM3M Ha OCHOBHHU XapaKTEPUCTHKH Ha BHUPTYATHOTO OOPa30BATENHO MPOCTPAHCTBO HA YHHBEPCHTET,
MpeICTaBeHN B ITyONHMKAIMKUTE, CBBP3aHU C TeMaTa Ha JWCepTanuoHHus Tpyn [61, 79, 82, 94, 96, 97].
ObocHOBaHH ca MPEeJUMCTBa Ha CTaHAAPTU3UPAHOTO EJIEKTPOHHO YYeOHO ChABPKAHUE MPU JOCTaBKa Ha
oOpa3oBareiHu yciayru. MoTuBupaHa € HEOOXOAMMOCTTa OT IIpUJIaraHe Ha CPeICTBa 3a M3BJIMYAHE Ha
3HaHUsI OT JaHHUTE B OOydaBalIWTE MPOCTPAHCTBA M THPCEHE Ha PELICHHUs 3a MEPCOHAJIM3HpaHE Ha
€JIEKTPOHHOTO U AUCTAHLMOHHO O0Yy4EHHE.
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I'JIABA 3. MOJIEJIX 3A AHAJIM3 HA JTAHHU BBHB BUPTYAJIHOTO OBPA3OBATEJIHO
MHNPOCTPAHCTBO

B Tasm rmaBa oOT AuCepTAlMOHHUS TPYA ca OOOOIIEHHM pE3ylNTaTuTe OT MPOBEACHHUTE
eKCIIepUMEHTH W aHaIM3M Ha ChOpaHWTe MaHHU 3a O0y4aeMHTe B Pa3NU4YHA (OPMH Ha EJIEKTPOHHO
oOyueHue, MoApoOHO TMPENCTaBEeHH B aBTOpPCckUTe mnyOnukamuu [75, 79, 80, 82]. B mpoBeacHute
W3CIEBaHUsl CE THPCH BPB3KA MEXKIY CTAaTHCTHYECKH METOAM, MAllMHHO OOy4yeHue, OTKpUBaHE Ha
MTOBEICHYECKN MOENN M aHaJi3 Ha aHHU. Pa3zpaboTreHuTe anroputMu u coTyep ca mpeacTaBeHu B [57,
58, 83]. IlpemnoxkeHn ca MOJETH, KAaTO PE3YITaT OT TEOPETHYHU OOOOINEHUS HAa IMPOIECUTE Ha
HaOIt0/IeHNE W aHAIN3 Ha JEHHOCTUTE Ha o0ydaemuTe, cBbp3anu ¢ Big Data Analytics, Data Mining, ye0
METPHUKH, MAaIIMHHO 00y4YeHHE W Pa3MHUTa JIOTHKA.

AHAJIM34 HA TAHHU BbB BUPTYAJIHO 00Pa30BATETHO POCTPAHCTBO

3a oneHsBaHe Ha 3HAaHWATA HA OOyJaeMHUTE C€ H3IMON3BAT pa3indHd (OPMH M METOIu Ha
usnuTBane karo: online wim offline TecToBe, OTTOBOPY Ha OTBOPEHH BBIIPOCH, TECTBAHE U Pa3uMTaHE Ha
KOJI, peliaBaHe Ha 3a1add U jap. KpaifHata orjeHka 1mo MUCIUIUIMHATA YeCTO € KOMIUICKCHA U BKIIFOYBA
HSIKOJIKO KOMIIOHEHTa, y4acTBAalld BbB (OPMUPAHETO M C Pa3NUYHU Terna. s TpsiOBa na oTpassiBa
Pa3NUYHUTE CTPAHU OT MOATOTOBKATA HA 00y4YaBaHUs (TEOPETUYHU 3HAHHS U MPAKTHYECKH YMEHUS), 12 €
choOpa3eHa che creluduKara Ha ONEHIBAHOTO, C Bb3PACTOBH U MHAWBUIAYATHH OCOOCHOCTH U JIp.

EKCHCpI/IMCHT 3a OILCHABAHC W aHAJIUTUYHU HU3CICABAHHA Ha JaHHUTE 3a 06y‘IaCMI/ITC, €
mpenctaBeH B [75]. 3a menuTe Ha aHanMM3a pas3riekaMe KOHKPETeH IOAXONI 3a OIeHsABaHe Ha
o0y4yaeMuTe, MpHU KOMTO OLIEHKATa B Kpas Ha CEMECThPa Ce OMpe/Ielisl KATO MPeTeriieHa CPpeHa CTOWHOCT
(weighted mean X) OT BCUUKH OIICHKHU IIPe3 ceMecThpa. Beska olleHka MMa Ba)KHOCT WM Teriio (weight).

Wznon3Banata B KOHKpETHUS CiTydail (yHKIIHS UMa BUAA:
> xw

(1) X=5
KBJIETO X € OI[EHKATa, W € TETrJI0TO Ha BCAKA OICHKA.

OrneHkara Ha CTyJEHTUTE MO MpeaMmera MaremaThka B Kpas Ha CeMeCTbpa ce OIpeselisi Bb3
OocHOBa Ha cienHute m3nutBanus: Tect 1 MuoxectBa (Test [ Sets), Tect 2 Jloruka (Test 2 Logic), Tect 3
I'eomerpus (Test 3 Geometry), Tect 4 Cratuctuka (Test 4 Statistics), Tect 5 BepositHoctu (Test 5
Probability), wanut B Kpas Ha cemectbpa (Final Exam), xontpomuu (Quizzes), momaimrHa paboTa
(Homework), npoextu (Projects) u padora B 4yaca (Class Activities). Bcexu kputepuii nMa cTereH Ha

BaXHOCT U (PYHKIHMATA NMa BHJIA:

(2) 7= Y T1%0.094+T2%0.09+T3%0.09+T4%0.09+T5%0.09+FinEx*0.15+Act*0.40
>Sw

KBJIETO X € OlLICHKAaTa B Kpas Ha CEMECThbpa, W € TCTJIOTO HAa BCAKA OLCHKA. Pa3rne>x<z[aMe KakK IoJyuceHaTa

OIIEHKA II0 OTAEIHUTE TECTOBE BJIMSE Ha OIEHABAHETO W KaK JEHHOCTHTE B Yaca W M3BBH dYaca ce
OTpa3sBaT Ha OLIEHKATa B Kpas Ha ceMecThpa. OCBEH TOYKHUTE, HATPYIIBAHHU IO OTICITHUTE KOMIIOHCHTH,
ChXpaHsBaM€ ¥ JaHHU 32 BCEKH CTyAeHT: Age (romuHu e cryaeHa), Gender (mom), New Student
Experience (NSE), FullTime-PartTime (kpemutute 3a mpenmera ca 12 unu moseue), Student Program
(tun Ha 0O0yuenuero), Times Taken Course (3a KOH BT CTYJCHTHT U3yUaBa MPEAMETA).

3.1. U3noJi3BaHe Ha eJICKTPOHHU TA0JIMIM 32 AHAIMTHYHH M3CICABAHUA HA JAHHHUTE

Enexrponnunte Tabmuim (B yactHocT Excel) npemnarar eektuBHu (GyHKINHU 32 0000IaBaHe HA
nanaute. Ountpute (Filters) naBaT BB3MOXHOCTH 3a ITOJ0Op Ha 3alMCH. YCIOBHOTO (opmarupane
(Conditional formatting) oupeTrsiBa J7aHHUTE, KOUTO OTTOBAPST HA OIPEETICHN KPUTEPUU U HU ITOMara Ja
OTKpYBaMe OTKJIOHEHHUS U TeHJeHInH B naHauTe. | paduxute (Charts) BU3yaaHO NOKa3BaT OTKIOHEHUS U
tegaeHuu [30]. M3nomnsBaiiku unHCTpyMeHTHTe Ha Excel ce HM3BBpIIM IbpBOHAYaJIEH aHAIM3 Ha
pe3ynTaTuTe OT MPEACTABIHETO Ha CTYJAEHTHTE IO MaTeéMaTHKa B IMPOJBIDKEHHE Ha TET CeMECThpa.
I'paduxara ot ¢ur. 3 mokassa, 100po ycBosiBaHe Ha yueOHMs MaTtepuan. Haii-Hucku ca onenkute mo Test
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4 Statistics, kpzieTo 75% oT 00ydaeMuTe UMaT OIEHKU MO-HHUCKU OT 50% oT oOyuaemure mo Test 1 Sets,
Test 2 Logic, Test 3 Geometry u Test 5 Probability.

120.00
M Test 1 Sets

100.00
] Ml Test 2 Logic
80.00
[ Test 3 Geom
60.00
Il Test 4 Stat
40.00
" [ Test 5 Prob
20.00 e« © -
[ ]
- L 2

I FinEx
0.00

L ] -

®urypa 3. I'paduka, OTHOCHO pa3npeesIeHUeTO Ha OLIEHKHUTE 110 MOIYJIH

B pesynrar Ha u3cienBaHeTo Oe HampaBeHa MPENopbKa 3a MPOMSHA Ha MOCIEIOBATEIHOCTTA B
M3y4aBaHETO Ha JBe AWCUMIUIMHHU. [[poMsHaTa Ha CTpaTerWuTe 3a MpemnojaBaHe OKa3a BIMSHHUE BBPXY
Ha4MHA, 110 KOHUTO 00yyaeMHTE YCBOSIBAT MaTepHaa.

3.2. AHAJIMTUYHHM HU3CJIeABAHUS Ha [aHHUTEe B 00y4aBalloTO MPOCTPAHCTBO ChC CHCTEMAaTa
»Orange*

JlocThIHM ca pa3ivyHU MHCTPYMEHTH 3a M3BIMYaHe Ha naHHU. Cpen Hall-omyssipHUTE ca:
RapidMiner, RapidAnalytics, WEKA, PSPP, KNIME, Orange, Apache Mahout, jHepWork, Rattle,
GhostMiner, XENO, SAS Miner, Polyanalyst, IBM SPSS modeler. 3a nenure Ha ToBa HM3CIeABaHE €
pa3paboTeH MHCTPYMEHT 3a HACHTHU(HUIMpPAHE W TMPOTHO3WpaHe Ha TMPUYMHUTE 3a HM30CTaBaHE WU
oTmajane Ha oOy4yaemu, mpezactaBeH B [78]. M3nomns3Bana e cucremara “Orange Data Mining system™
[56], codTyep ¢ OTBOPEH KO 3a MalllMHHO O0YYCHHUE U M3BJIMYaHE Ha JJaHHU, HarrcaH Ha Python.

KonTposupano odyuenune

OcHoBHaTa 33/1a4a MPH KOHTPOIUPAHOTO obyueHue (Supervised learning) e na ce chb3aane Moaen
oT 0003HadYeHH (ETHUKUpPAHU) NAaHHH, KOETO ITO3BOJIABA Jla C€ MPAaBAT MPOTHO3W 3a OBJCHIN JaHHH.
OCHOBHY TEXHHKH ca: KIacH(UKAIHs, KOTaTo eTHKETHTE Ha KJIACOBETE ca JUCKPETHH M PErpecusi, KOraTo
pe3yATaThT € HeMpeKbCHaTa CTOMHOCT. B cuctemara Orange Data Mining System ca Ch3HaJicHH penulia
MHCTPYMEHTH 3a M3TpaXIaHe Ha MoJenu 3a kinacupukanus u perpecus. CreaBa mpencraBsiHe Ha
eKCIICpUMEHTH 32 OILCHSABAaHE W MPOTHO3MpaHe Ha 3HaHWATa Ha oO0y4aeMuTe B 0OpPa30BATEIHO
MPOCTPAHCTBO C INpujaraHe Ha MHcTpymeHTHTe: Logistic Regression, Naive Bayes Classifier, Support
Vector Machines (SVM), Decision Trees and Artificial Neural Networks u mp.

3.2.1. HpOﬁJ’IeMH IPH NOAT0TOBKAa HA TAHHUTE 3a aHAJIM3 U IMOJIX0/IH 32 peliaBaHe

3a aHanM3 Ha JaHHUTE B 0OPa30BaTEIHO MPOCTPAHCTBO, OCHOBHM BXOJHM JAaHHU Ca TOYKHTE
MOJy4eH!n OT o0y4yaeMuTe Ha Pa3MYHM OICHBYHU KOMIIOHEHTH, a M3XOJIHH Ca CHOTBETHUTE KpailHU
OTICHKH, TIOCTaBEHU OT mpemnoaasatesl. OCHOBHM 3aJja4M 32 TIOJIOTOBKA Ha JAHHUTE ca [22]: modncTBaHe
Ha panaute (Data Cleaning), unrterpanus Ha nannure (Data Integration), tpanchopmauus (Data
Transformation), penyuupane Ha ganaute (Data Reduction). [TourcTBaHeTO Ha TaHHHUTE € MPOLECHT 32
rapaHTHpaHe, Y€ JTAaHHUTE ca IPAaBUIIHU, MOCIEI0BATEeIHN U M3MON3BaeMu. /yoiupawu ce TaHHU MOorat
Jla Bb3HUKHAT [IPH KOMOMHUpaHe Ha HAOOPH OT JaHHU OT MHOXKECTBO M3TOYHMLM. Henooxoosuyu NaHHN
ca TakWBa, KOUTO HE OTrOBApsT Ha pemaBaHus npodsieM. CmpykmypHu epewiku B NTAHHUTE MOTaT Ja
BB3HUKHAT 110 BpEME Ha W3MEpBaHE WM NpeXBBpJsSHE Ha AaHHU. Outliers (OTIIMUNATENTHH CTOWHOCTH)
MOTaT Jia MPUYUHST MPOoOJIeMH ¢ HSIKOW BUIOBE Mosiend. Korato He pa3mnoyiaraMe C ITbJIHOTO MHOYECTBO
OT JJaHHW 32 JaJIeHa XapaKTepucTuka umame aunceawu dannu (Missing Data). [IpouechT Ha moaroToBka
Ha JaHHW, BKJIOYBAa HMIACHTU(HUIMPAHE Ha TPELIKH, KOPUTHpaHe, M3TpHBaHe, MoApeada WiId Ipyra
00paboTKa, KaTo ce 3ara3sT caMo NOTEHIIMATHO TIOJIe3HUTE JJAHHH.
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3.2.2 OuwuensiBane ¥ TIPOTHO3MpPaHe HA 3HAHUSITA Ha o0y4yaeMHTe BBB BHPTYAJIHOTO
00pa3oBaTe;IHO MPOCTPAHCTBO

Tyk ce mpemnara Karo MHOTOCTBIIKOB NpoIeC, METOJ 32 OLEHSIBaHE M IPOTHO3UpPAHE Ha
3HAHUATA, YMEHHUATA W KOMIIETEHTHOCTHTE Ha o0OOydaeMUTEe BbB BHPTYaJHOTO 0Opa30BaTEIHO
npocTtpancTBo [66]. MeToabT BKJIWYBA MeT CTHIKH M MOXe Ja ObJe aJanThpaH KbM pa3IndHU
KypcoBe Ha Emerging technologies BbB BUPTYyaTHOTO 00pa30BaTEIHO IPOCTPAHCTBO.

WU36op Ha
DaHuu 3a P Mpouec Ha AHanus Ha Cb3aaBaHe Ha OueHKa Ha
obyyaemu Ha4mh 3a oueHnBaHe HaTpynaHu mogen n TOYHOCTTa
oueHABaHe
u AaHHU npeasuxKaaHe Ha mogena

@urypa 4. MHOrOCTBIIKOB IIPOLIEC HA aHAJIM3 M MPOTHO3MPAHE Ha 3HAHMSATA Ha 00ydaeMUTe

Cmvnka 1. H360p na nauun 3a ouenssane. OIpeAcissHE Ha KIIOYOBH 3HAHUS U
KOMIICTCHTHOCTH 3a W3ydaBaHaTa TeXHOJIorus. OmnpeeissHe Ha CTENeH Ha TEXKECT (BaKHOCT) Ha BCsSKa
aHaM3MpaHa KOMIIETCHTHOCT.

* OCHOBHUTE TeOPEeTHYHH 3HAHHUSI CE OLCHIBAT C NIOMOIITA HA KOMIIOHEHTH KaTO: MeXCOUHHU
mecmoge, pewlagane HA 3a0ayu U Kazycu, usnumu, 00600wena ouckycus u Ap. Te3n KOMIIOHEHTH
OLICHSIBAT MPUJOOUTUTE 3HAHUS U CIIOCOOHOCTHUTE 3a pa3OMpaHe Ha W3ydaBaHUS TCOPETHUCH MaTepuall.
W3non3Bar ce TECTOBM BBIPOCH, M30pOsSBaHE M CpaBHSABAaHE Ha OOCKTH, NMPUMEPH 3a TOHATHI U
M3MON3BaHE Ha aJlTOPUTMH, BBIIPOCH, CBBP3aHHU ¢ 00SICHSIBAHE M BU3yaJM3UpaHe Ha PEIICHUSI.

* OCHOBHHTE KOMIIETEHTHOCTH C€ OICHSBAT OT BH3MOXXHOCTHTE Ha CTYJCHTUTE Ja TpHUIIarar
NpUIOOUTUTE 3HAHUS 32 B3€MaHEe HA HECTAHIAPTHH PEIICHUS B: KOMMPOIHU U OOMAWHU pabomu,
Kypcogu 3a0auu u npoekmu, B KOUTO CE pelllaBaT HOBH 3aJla4d, W3BBHPIIBA Ce KPUTHYCH aHAIN3 Ha
PEIICHUs, ONIPEIEIIAT Ce MOTCHIIMATHE PUCKOBE, IIPABAT CE CAMOCTOSTESIIHU U3BOIU U 3aKITFOUCHUS.

Cmuvnka 2. Ilpoyec na ouyenneane. [1o Bpeme Ha LSUIOCTHUS TIPOLIEC HA 00YUYCHHUE CE MTPOBEKAAT
W TpoleqypuTe 3a OlleHsBaHe. Pesynrarute ce HaTpymBaT W CBbXpaHsSBaT C el npoduiupane Ha
CTY/JICHTHTE, TOCIIC/IBAIIM AHAM3U U MPOTHO3UPAHE B OICHIBAHETO HA HOBU CTYJICHTU. B momydeHuTe
pe3yiTaTH C€ ThPCAT 3aBUCHMOCTH B OTICIIHHTE OICHBUHU KOMIIOHCHTH MEXY TEOPETHYHHUTE U
MPAKTUYCCKUTE 3HAHUS, YMCHHS M KOMIIETCHTHOCTH. B HSKOM Cily4au CTYACHT MOJTyuaBa BUCOKA OIICHKA
Ha TECTOBETe W cllada OIICHKA Ha KOHTpOJIHATa pabora min oOpatHo. Ch3AaBaHETO HA aBTOMATHU3UPAH
QITOPUTHM 3a OlICHSBAHE MPU HAIMYHM CIEMUGUIHA CTOMHOCTH HA OIICHBYHHUTE KOMIIOHEHTH M3HCKBa
HECTAaHAaPTHO PElICHHUE.

Cmwvnka 3. Ananu3z na nampynanume OAHHU OM NPOGEOCHUmME 00YYEeHUA 6 peanHa cpeoa.
Hamnmunau ca pasnuyHM anropuTMu 3a MamuHHO oOydeHue. OCHOBHU BXOJHHM JaHHH Ca TOYKHTE,
MIOJIy4Y€HHU OT OLIEHBYHHUTE KOMIIOHEHTH, & U3XOJHH Cca ChOTBETHUTE KpallHU OLIEHKU Ha CTYAEHTUTE 10
mucuumuinHarta. Ilpu merogure 3a o0ydeHue, 4acT OT NMPUMEPHHUTE JaHHU CE€ IOJI3BAT 3a OOydeHue, a
apyra — 3a tectBaHe. Ilpu HemoOpu pesyiaTaTH OT TECTBAHETO, NMPOIECHT Ha OOydEHHE MOXKE Ja ce
MOBTOPH WJIM i C€ MPELeHH, Y€ H30paHuAT OIX01 He € 100Bp 3a peleHne Ha npodiema.

Cmuwvnka 4. Cv30asane na mooen 3a npeogudxicoane. Ha Oa3ara Ha HaTpynaHUTE NaHHU ce
Ch3/1aBa KJIACH(PHUKATOP, KONTO M3BHPILBA IPOTHO3HU 32 TEKYILU OLEHKH 0 JUcUUITMHaTa. CHCTEMUTE 3a
aHayu3 Ha gaHHu Kato: SPSS, Orange, Weka u npyru npeiaraT cpeJcTBa, Ha 0a3ara Ha aJifOPUTMU 3a:
IBbPBO Ha pEUICHUATa, JIOTMCTHYHA perpecus, Teopema Ha beiic, HeBpoHHu Mpexu u ap. Cruen
MIPHUKITIOYBAaHE Ha 00YYEeHNETO, MOJIENIUTE MOTaT Ja ce MpuiiaraT BbpXy HOBHU JIaHHHU.

Cmwvnka 5. Oyenka Ha mounocmma Ha npedsudricoane na anzopummume. Cnen 00y4eHUETO ce
M3BBPIIBA TECTBAHE 32 TOYHOCT U MPENU3HOCT Ha paboTara Ha Mojiena.
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Jlokonko e 1o0bp eanH KiacudukaTop ce onpenesst OT CTOWHOCTUTE Ha ChOTBETHH METPHKH 32
OLIEHKa Ha KauecTBOTO. He e mocraTh4yHO na ce riena camo enHa oT TsaX. TpsOBa na ce B3emar IOA
BHUMAaHHE HSKOJKO METPUKH, KaTo M300pa Ha TOBa KOM Ca MO-BaKHH € B 3aBUCHMOCT OT 3aJadyHTe U
CbOTBETHUTE LIEIH.

Confusion Matrix e eOuH OT HaW-NOMYJISIPHUTE HAYMHU 3a OIGHKA Ha KayeCTBOTO Ha
knacudukanusra [89]. [Ipencrarnspa marpuna ¢ pasmep N x N, kpaero N e OposT K1acoBe Ha IieneBara
npoMeryinBa. YUpe3 mpuiaaraHe Ha TO3M HMHCTPYMEHT MOraT JAa C€ CBIIOCTABAT OIPEIETICHUTE OT
Kinacupukaropa U AeHcTBUTENHHUTE cTOHHOCTH 1o 4 Metpuku: True Positive (7P), False Positive (FP),
False Negative (FN) u True Negative (7N).

o  Obwama mounocm € TIOKa3aTeN, KOWTO MaBa WH(pOpMaIis 3a TOBa KakBa 4acT OT

BCHYKH CIIy4au ca IPaBUIHO KIaCU(ULMPAHU:

3) Accuracy (ACC) = (TP+TN) / (TP+FP+FN+TN)

OOt Opoii mpaBUITHO KIacH(pUIIpaHy 0OEKTH ce pa3zieis Ha BCHUKHU CIy4au.

e Obwama ecpewka TOKa3Ba KaKBa YacT OT BCHYKM OOEKTH KIacH(UKATOPBT €
pasnpenenu B IPEIIHUTE KIIACOBE:
@) ERR = (FP+FN) / (TP+FP+FN+TN) = I- ACC
Moske 1a ce U34HCIIN KaTo oOMmIMAT Opoii TpenrHo Kiacu(UIMPaHn OOEKTH ce pa3ieiy Ha BCHUKH
CIIy4yau Wiy aKo oT 1 ce u3Baau oueHkaTa Accuracy.

HyxHo e 1ma ce B3eMaT moj BHHUMaHUe W MeTpukute: Precision, Recall, Specificity n Fl-score.

Te3u MeTpuKky ca Hal-TIOMYJSPHU U YECTO U3IOI3BAHU MPH OLIEHKA Ha KIacu(pHUKaTop:
e Precision - METpUKaTa MOKa3Ba KakBa 4acT OT OOEKTHTE, KIaCU(PUIUPAHH KaTo
MIOJIOKUTEIIHU Ca B ICHCTBUTENHOCT MOJIOKHUTEIIHU:
®) Precision = TP/(TP+FP)
e Recall wmm True Positive Rate (TPR) - naBa nadopmanms 3a ToBa KakBa 4acT OT
TTOJIOYKUTEITHSI KJIac € Orila OTKpUTa OT Kiacupukaropa:
(6) Recall = TP/(TP+FN)
o Specificity mmu True Negative Rate (TNR) - mokasBa kakBa 4acT OT OTPHUIIATETHUS
KJ1ac ¢ Omiia HaMepeHa OT kKiacupukaropa:
) Specificity = TN/(TN+FP)
e Fl-score - obobmaBa Precision n Recall B equHcTBeHa croiiHOCT. CTOMHOCTTA Ha

TO3M TIOKa3aTeN € MaKCUMaliHa, korato Precision u Recall ca paBHu:
®) Fl-score = 2*(Recall*Precision)/(Recall+ Precision)

AHaM3bT Ha PE3YNITATUTE € CBhP3aH C PEUICHMsI OT CTPaHa Ha PhKOBOJUTEIINTE Ha 00yUYaBaIIysl
mpoliec, Kak Jia ce CTUMYJIMpaT 00ydaeMHTe U KaK Jia ce roMara Ha 00y4aeMuTe B PUCK: JIOIIBJIHUTEITHN
YIpaXHEHHsI U 33/1a49H, JOITBIHUTEIHA WHINBUyalHa U €KUITHA paboTa, OOSCHEHUs CTHIIKA MO CTHIIKA,
pabota cbc coPpTyep KaTo HHCTPYMEHT 332 MOJICTUPAHE U T.H.

IIpuioxkenne Ha MeTOA 3a OUEHsIBaHe. l3cienBaHMs M aHATW3M HA METOJA 3a OLICHSBaHE U
MIPOTHO3MpaHe ca W3BBPIIEHH 10 JAWCHUIUIMHATa ,,M3KyCcTBeH WHTeNeKT ¢ U3MON3BaHe Ha
HHCTpYMeHTUTE Ha Orange system 3a eKCIIEpUMEHTHpaHe U u3Bo1M [66]. IpencraBsHaTa qucuuIuiiHa (¢
npenofaBarean akan. Mean Ilomuer u mpod. na-p [danuwena Opo3oBa) € yacT OT BHUPTYAJIHOTO
00pa3oBaTeIHO MPOCTPAHCTBO. Ts € CTPYKTypupaHa B UYETHUpU Monyia: M3KycTBEH MHTENEKT —
XapakTepUCTUKU U mpobieMu; ThpceHe Ha pelieHre B MPOCTPAaHCTBOTO Ha ChCTOsIHUATA; [IpencraBsHe
Ha 3HaHWs; VHTETUreHTHO B3eMaHe Ha peleHus. B cpenara 3a eJekTpoHHO 00ydYeHHe 1o JUCIUTUINHATA
uMa TpefocTaBeHH marepuanu ¢ obem 587 MB TekcToBO ommcanue, npuMepd U 14 JHHKA C MOJIE3HU
BpB3KH. B mpernonaBaneto ce manonsBat cpeaure Moodle n Microsoft Teams. Ta3u nucumiuimHa e
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OCHOBa Ha KypCOBETE: ,,AHAIIN3 U IPOCKTUPaHe Ha 0a3u OT JaHHU ¥ 3HAHUSA, ,,YTIpaBJIIeHUE HA 3HAHUS B
KOMITIOTBPHU CUCTEMU U JIp.

Covnka 1. 3a oueHsBaHE Ha CTYJEHTUTE MO AucCHUILIMHATA ‘“VI3KyCTBEH UHTENEKT  ca
OTIpE/IeNICHH OLICHPYHH KOMIIOHEHTH, BCEKH, OT KOMTO WHCIEKTHPA TCOPETUYHH 3HAHWS, MPAKTHYCCKH
YMEHUS 1 KOMIIETEHTHOCTH € Pa3IMuHO NMO3HaBaTeaHo HUBO. ledunupanu ca 3 tecta (3 x 5 = 15 Toukwm),
KonTposna pabora qwizz (15 Toukn), [Ipoekt - 45 Touku nu O000IIEHA TUCKYCHUS - 25 TOUYKH.

B npoexma, Bceku cTyneHT cam M30HMpa TeMa OT OCHOBHUTE HANpaBJICHUS HA W3KYCTBEHHUS
WHTEJNIeKT, KaTo Hampumep: Ontologies engineering, Semantic Web, Knowledge representation,
Computational intelligence, Robotics, Natural language processing, Machine Learning, Deep learning,
Soft computing, Pattern recognition, Multi-agent systems, Artificial neural networks, Genetic algorithms,
Knowledge based systems, Decision support systems, Business intelligence, Data Science, Fuzzy sets and
systems, E-learning u T.H. [IpOEKTHT 33BDKUTEIHO BKJIIOYBA: CHCTOSIHAE, TCHACHIMM HAa Pa3BUTHE,
WACHTU(QHKALHNS, aHAIW3 W OLCHKa Ha u30paHus WHCTPYMEHTapuyM 3a BB3ACHCTBHE BBPXY
TTOTEHITHATHATE PUCKOBE, HEPEIIECHHU TIPOOJIEMH, U3BOTH, 3aKIToUeHHEe U OnOmorpadus.

Obobwenama Ouckycua cbC CTyICHTa € BBPXY TeMaTa Ha IPOEKTa, PUCK MEHHUJKMBHT,
MOHHUTOPHHT, KOHTPOJI U OIICHKA Ha PUCK MEHU/DKMBHTA Ha MMOTEHIMATHUTE PUCKOBE M BH3MOXKHOCTUTE
3a pelraBaHe Ha HOBH 3aJlauyl ¢ HECTAHIAPTHH PEIICHUSI.

W3non3BaHuAT mpuMepeH MoJel 3a OleHsBaHe N0 JUCHUILIMHATA € peAcTaBeH Ha ¢ur.5. Tosu
MOJIEJT Ha OIICHSIBAHE MOXe Jia ObJie JMHAMIYHO MPOMEHSH M aJjaliTUPaH KbM KOHKpPETHATA JUCIUILTHHA.
Hampumep B auciunivHaTa ,,Yupaeienue Ha 3HAHUA 6 KOMRIOMBPHU cucHemu ce Tpuiara
aJITepPHATHBEH MOJIEI.

OueHb4yeH KOMIIOHEHT O3HaveHue OuenbyHa ckaja
Teopernynu 3HaHUS MOJIYIT 2 Tecr 1 JI0 5 TOUKH
TeopeTnynu 3HaHUS MO 3 Tect 2 JI0 5 TOUKH
Teopernynu 3HaHUS MOTyT 4 Tecr 3 0 5 TOUKH
[IpakTHuecky KOMIETEHTHOCTU Kontpoina pabota 10 15 Touku
[IpakTuuecku 3HaHUSA U YMEHUS IIpoext 10 45 TouKH
TeopeTuHY 3HAHUS U YMEHUS 0O60011IeHA TUCKYCHS JI0 25 TOYKH

Kpaiina omnenka OKoOHYaTeTHA OLIEHKA Toukure B onieHKa [2, 6]

®urypa 5. [Ipumepen Mojiern 3a oLeHsABaHe M0 AUCIUILINHATA

Cmwnka 2. Ilpogexcoane Ha obyuenue u npoyec Ha oyeHasare. 3aJadata € CBbp3aHa ¢ HAMUPaHe
Ha OONI MOJAXOJ| 32 aBTOMAaTH3HPAHO OICHABAHE W IMPOTHO3MpaHE Ha OICHKHTE Ha oOydyaemwure. 3a
HaMaJIsIBAHE CYOCKTUBHOCTTA MPH OIICHSIBAHETO Ha MPAKTHUECKUTE YMEHHsI C€ JIOMYCKa OICHIBAHETO Jia
Ce M3BBPIIBA OT BBHIIEH OIEHHUTEN OT (upMu B oOyacTTa Ha WH(POPMANMOHHUTE TEXHOJOTUU KaTo:
Texnomoruka, Ckeitn @okyc u np. [1o Bcska TUCIUTUIMHA CTYJASHTUTE MoraT aa moixydaT g0 100 Touku u
OKOHYATeITHAaTa OIIEHKa ce opMHpa Mo cienHara ckana: oT 54 1o 60 Touku - Cpeoden (3); or 61 go 70
TOUKH - [[oOwvp (4); o1 71 1o 80 Touku - Mrozo do6wvp (5); ot 81 mo 100 Touku - Omauuer (6).

Cmwnka 3. AHanU3 Ha HATPYIAHUTE JIAHHU OT MPOBEICHUTE O0YUCHHUS B peajiHa cpe/a.

B mporeca Ha paborta ca mpoBeAEHN MHOXKECTBO ekcriepuMeHTH. OCHOBHATA 1€ € J1a Ce pellaBa
Kiacu(UKAOHEH MMPOOJIeM KaTo Ce YCTaHOBU JIalll € BB3MOXKHO JIa Ce MPEJBUIN OlleHKaTa (M3XOHa
HpOMeHHI/IBa) C ImoMoIiTa Ha BXOOAHUTE IPOMCHIIMBH (TO‘IKI/ITC OT OTACJIHUTEC OUCHBYHU KOMHOHCHTI/I),
KOUTO C€ 3ama3BaT B Mojena. 3a pellaBaHe Ha KiIacM(HUKAIMOHHHUS NPOOJIeM ce MmpuiaraT pa3jiudHu
TEXHHKH, upe3 nHcTpyMenTtute Ha Orange Data Mining System.

B nauanoto ce ch3gaBa pabOTEeH NpoLEC U Upe3 MHCTPYMEHTA ,.File” 3apexycoame dannume 3a
OLICHKUTEC HAa CTYACHTHUTEC IO PA3JIMYHHUTEC OLUCHBYHU KOMIIOHCHTHU B 6pOI>'I TOYkH. Te morar aa 6’bllaT
BbBeneHH OT Excel (.xIsx), ot TexcToB (aiin ¢ pasaenu (.txt), dhaiin ¢ JaHHU pa3le/ieHu Cbe 3amneTas (.CSsV)
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nmu URL ampec. 3a mo-mo0poTo pazdupane, JTaHHWTE MOTAT Ja C€ BU3YAIH3UPAT 0 HIKOW KOJOHU WIIH
M3BaJKu OT TiaX. Hampumep, Moxke na ce cBbpke (hailma ¢ maHHW C MHCTpyMeHTa ,,Scatter Plot n ce
n30epart KOJIOHUTE, YUUTO CTOWHOCTH IIe Ce M300pa3sBar 1mo ocute X U Y, U3IMO0JI3BaHu [[BETOBE, popmu,
pasMepu ® JIpyrHm Tnapamerpu. JIpyr NOMyNspeH WHCTPYMEHT 3a BH3yalH3UpaHe Ha JaHHUTE €
LDistribution®, ape3 KOUTO MOXKe J1a ce TIOKake pasnpeesieHre B Habopa OT JaHHH MO AaJeH aTpHOyT.

B 3aBucuMOCT OT 1eTa ¥ BUja HA JaHHUTE M30UpaMe KOHKPETEH MHCTPYMEHT 3a PerpecHs WiIn
knacuuKanysi u 3adasame yeneeama npomennusa. Crnenpa nouucmeane na oannume. Morar na ce
MIPWIOKAT PA3JIMYHM MTOAXO0JIU: U3TPUBAHE HA JUTICBAIUTE CTOWHOCTH WX JIa CE 3aMECTSIT 11O TTOIXOISIIT
HauynH. Upe3 uHCTpyMeHT , /mpute’ (Gur. 6), ce m30upa N3MEXaAy pazIUdIHHd METOAH 3a 3amecTBaHe. I1o
nojpa3oupaHe e onusTa ,,Remove the rows with missing values®. Ipyru Bb3Moxuu oniuu ca: Distinct
Value, Random Values, Model-Based.

Selected Data— Data "

O
Sekg,
S Dty Scatter Plot
Data Table Lota
3 th.
B
EI Distributions
Py
D Impute
= 7
Fie A Impute ? x
Defauit Method
@ Dorni'timpute
() Average/Most frequent
(O As a distinct value
O Model-based imputer (smple tree)
O Random values

() Remove instances with unknown values

Qurypa 6. [Ipunarane Ha ”HCTPYMEHTH 32 3apeXJaHe U IOYNCTBAaHE HA JaHHUTE

Cmwnka 4. Cp3gaBaHe M TpEHUpPaHE Ha MOJEIM 3a MpeaBWkAaHe. B ekcrnepuMeHTa
[IOCJIEZIOBATENIHO € IpUjlaraT MHCTpyYMEHTHUTE Ha cuctemara: Tree, Random Forest, Logistic Regression,
Naive Bayes, Support Vector Machines (SVM) u Neural Network. PaboTHUS TTOTOK 3a Ch3/1aBaHE U
TpPEHUpPaHe Ha MOJAEINTE € II0Ka3aH Ha ¢wur. 7.
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=

Ourypa 7. PaboTeH MOTOK 3a TpeHUpaHe Ha MOJEINTE W MPEABIKIAHE

Ilpeosusricoane na Hosu dannu. Upe3 oOydeHHTE aITOPUTMH CE€ OYaKBa MPH 33a/laBaHe HA HOBa
KOMOMHAIAA OT CTOWHOCTH 3a M30paHHWTE KOMIIOHEHTH Jia Ce OMpeieliss M3XOJHaTa mpoMmeHiuBa. Ha
Ta3W CTHhIIKa CUHUTaAM€, 4€ MOJCIBT € TI'OTOB 3a IMPAKTHYCCKO ITPUIIOKCHHUC. MO)IGJ'[T)T HpI/I)IO6I/IBa
HE3aBHCHUMOCT M IIPaBH CBOU 3aKJIFOUEHUS Bh3 OCHOBA Ha HAOOpW OT naHHU U o0yuyeHne. Ha durypa 7 e
npencraBeH pabOTHUS MOTOK 3a TMpENBWXKIaHE 4pe3 WHCTpyMeHTa Prediction Ha cuctemarta Orange.
Houte nannu ce monmasat upe3 daiin Test.xlsx, KOWTO UMa chlaTa CTPYKTypa KaTo HadaiHaTa Tabimia
C JIaHHU, HO KOJIOHAaTa C M3XO0JIHATa IPOMEHJIMBA HE € 3a1aaeHa. OOII BUJ] Ha MMOy9aBaHUs Pe3yaTaT OT
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MIpeIBIKAAHETO € TIoKa3aH Ha ¢urypa 8. ToBa ca pe3ynraTuTe OT MPEABIKAAHNAATA 32 KpaifHaTa OlleHKa
Ha 00y4JaeMHTe, MOJIYICHH OT PAIIUIHUTE MOIEIH.

Data & Predictions

Tree Logistic Regression Random Forest SVm Naive Bayes
1 0.00:067:033:0.00:0.00—Excellert 0.00:049:002: 0.06 043 — Excellent  0.00: 0.57 - 011 :0.00: 0.32 — Excellent  0.01:0.18:0.03: 0.01: 0.77 — Very Good 0.00: 0.85: 0.01
2 025:000:050:025:0.00 — Goad 0.01:0.00:045:022:0.32 — Good 0.20:0.10:0.20: 0.50 - 0.00 — Middle 0.22:0.02:0.23: 0.51: 0.03 — Middle 0.39:0.00:0.04
3 025:000:050:025:0.00— Good 0.00:000:020:0.30:050 = Very Good 0.17: 0.00: 0.76 : 0.05 - 0.02 — Goad 0.03:005:0.42:0.08: 042 — Very Good 0.57 : 0.00:0.22
4 0.00:067:033:000:000—Excellent 0.00:0.72:0.03: 0.040.22 — Excellent  0.00:0.60:0.20:0.00:0.19 — Excellent  0.01:0.43:0.03: 0.01: 052 — Very Good 0.00:0.25:0.04
5 0.00:067:033:0.00:000—Excellert 0.00:0.03:0.31: 0.37 - 0.29 — Middle 0.00:0.20:044:002:0.33 — Good 0.03:0.06:0.55: 0.06: 0.24 — Good 0.01:0.04: 088
6 1.00:0.00:000:0.00:000— Bad 064:000:007: 028001 —Bad 0.92:0.00:0.00:0.08:0.00 — Bad 0.87:0.03:0.02:0.06:0.02— Bad 086 0.00: 0.00
T 0.00:000:000:0.00:1.00=Very Good 0.00:0.00:0.00: 0.20-0.79 = Very Good 0.10:0.15:0.00 : 0.00 - 0.75 — Very Good 0.02: 0.20 - 0.04 : 0.03 - 0.71 — Very Good 0.01: 0.60: 0.00
8 0.00:1.00:000:000:000—Excellent 0.00:080:001:0.01:018 — Excellent  0.00:1.00:0.00:0.00: 0.00 — Excellent  0.02: 087 :0.03:0.03: 0.06 — Excellent  0.00:1.00: 0.00
9 1.00:0.00:0.00:0.00:0.00— Bad 011:0.00:001:008: 079 —Very Good 0.47:0.25:0.14: 013 : 0.00 — Bad 0.29:0.09:0.27:0.25: 0.10 — Good 046:0.16:0.33

@urypa 8. Pesynratu oT npeaBHKIAHETO UPeE3 PA3IUIHI MOACIH

Cmwnka 5. OuensBane Ha paboTata Ha MOJAECJINTE, BbPXY JTaHHUTE.

B paGoTHHS MOTOK ce CBBp3Ba BCEKH OT Ch3nafeHuTe Moaenu ¢ “Test and Score” nactpyment. Crnen
KaTo ce OLEHAT MOJIENUTe, TPsAOBa a ce BUAM Jalld TAXHATAa TOYHOCT MOXe Ja Oble mofoOpeHa, upes
HACTpOMKa Ha TapaMeTPUTE, IPUCHCTBAIIY BB MOJIeTA.

selected Data— Daa 4 :‘::
&2 y
) Se
oF \ kctey Dots - Scatter Plot
D ; Data Table ]
<
Fle k-4

Distributions

E_ ) Oxa

3
Impute ;
a /— Learner =
= A
& \
Logistic Regression ¥
A 7 i y Test and Score
B y
& -
& o & i Testand Score
A K,
= Samping .
Naive Bayes & i = .Evmnmln.lls ) ]
g & o yelontn Model AUC CA F1 Precision Recall
v e ® Wrnher of folda: . RS | | wrae 0982 0974 0973 0975 0.974
S fied
| =T 5 Ei i VM 0991 0908 0906 0917 0908
S 0 Meural Metwork 0977 0.858 0866 0859 0.868
MNaive Bayes 0991 0908 0910 0916 0.908
() Random sampling ¥
: s B Logistic Regression  0.945 0816 0.816 0836 0.816
Repeat train, it v
Training set size: |66 % v
Tree A stratfied

o~ O Leave one out
&. () Test on train data
.
. 4 () Test on test data

Ourypa 9: PaboTeH MoTok 3a oneHsiBaHEe ¢ HHCTPYMEHT “Test and Score”

Pesynrar ot paborara Ha uHCTpyMeHT “Test and Score” e Tabnmua c OUEHKH 3a: Accuracy,
Precision, Recall u F1 Score 3a cp3nanennte mojenu. KOHKPETHH OLEHKH 32 METPUKUTE 3a OILEHKa Ha
KaueCTBOTO 3a Ch3/IaJICHUTE MOJICIIU B €KCIIEPUMEHTA ca JajeHu Ha ¢ur. 10.

Scores
Method AUC cA F1 Precision Recall
Tree 0.965 0.855 0.884 0.864 0.9305
Logistic Regression 1.000 0.776 0.976 1.000 0.952
Random Forest 1.000 0.895 0.930 0.909 0.952
SVvmMm 0975 0.842 0.900 0.947 0.857
Naive Bayes 0994 03816 0952 0952 0952
Neural Network 0941 03803 0.864 02826 0.9305

®urypa 10. PesyntaT ot paborara Ha UHCTpYMeHTa T est&Score BbPXY Ch3IaIeHUTE MOJIEIIH

Pasrnesxxnaiiku mporHo3HaTa TOYHOCT 338 BCEKHM €JIUH OT KIIACOBETE OLIEHKH, MOXKe Jia ce 00001Iu, ye
T € Haii-Jioma 3a kiaca oneHku Middle (ouenka CpeneH). Haii-Bucoka TOYHOCT ce TIOCTUTA 32 KJIaCOBETE
Bad (Cnab) u Excellent (Otnuuen). IIporuosute 3a oneka Good (J1oowp) u Very Good (Muoro no0sp)
TIPH BCUYKH Pa3TielaHu MOJENHN C€ TPEACTABAT ¢ TOUYHOCT OKoJ0 60-75%. Mozaenst Ha Random Forest e
Hali-Ha/IeXKICH, 3alI0TO Ce MPEJCTaBs ¢ Hal-BUCOKA TOYHOCT 32 BCUUKH KJIacoBe OlleHKU. MoaensT Naive
Bayes e ¢ Haii-HHCKa OILIEHKA 32 TOYHOCTTA CIIPSIMO JIPYTUTE MOJIEIH MIPH PA3TIICKIAHUTE JIAHHH.
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Tecmeane na paziuunume Mooenu U BUZYATU3AUUA HA MOYHOCHMMA HA padomama Ha
Modenume MOXe Aa ce u3BbpmH upes ,,Confusion Matrix”, ROC Analysis i apyr MHCTPYMEHT Ha
cucremara. PaOoTHHAT MOTOK € moka3an Ha ¢wur.11.

@ Eval_Test_Score.ows” -
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®urypa 11. PaboTeH moTok 3a ch3laBaHe Ha MOJENH U onieHKa ¢ upe3 Confusion Matrix v ROC Analysis

Pesynratu ot paborara Ha uHcTpymenTta Confusion matrix, ca nageHu Ha ¢ur. 12, 3a cpaBHeHHE
Ha e()eKTUBHOCTTA Ha Ch3AaJcHUTE Mosienu Tree u Logistic Regression.

Confusion matrix for Tree (showing number of instances) Confusion matrix for Logistic Regression (showing number of i

Predicted Predicted

Bad Excellent Good Middle VeryGood ¥ Bad Excellent Good Middle VeryGood J

Actual Bad 13 o 1 1 0] 15 Actual Bad 1 [ o 1 o 0]15
Excellent 0 B[ 0 0 2] 2 Excellent 0 [ o) 0 10

Good 0 1] 12 0 2|15 Good 0 0 1w 1 4] 15

Middle 0 o 2] 6 K Middle 1 [ I 1] &

Very Good 0 H I 15 17 Very Good 0 o ¢ 1] 1

b3 13 n 1 7 19 76 b1 15 19 3 19 76
®urypa 12. Pesynratu ot pabotara Ha uHCTpyMeHTa Confusion matrix 3a Ch3JaJICHU IBa MOJICITA

Receiver Operating Charactersitic (ROC) kpusata cerioctaBs TPR (True Positive Rate) u FPR
(False Positive Rate), xoeto maBa wH(poOpManmst A0 KakBa CTEIEH MOJENHT MPABWIHO pa3llo3HaBa
cboTBeTHUTE KilacoBe. Ha ¢wur. 13 e pmageH pe3ynaraTbT OT CBHIIOCTABSHE Ha YETHPH PAa3IUYHU
knacupukatopu. Konkoro mo-6im3o go ropums nsB preil ¢ ROC kpuBaTa, TOJIKOBAa IO-BUCOKO €
Ka4ecTBOTO Ha kiacupukaropa. Ha rpadukara ce Bukma, 4e B KOHKPETHHS CIIydall 3a TPEIBIDKIAHE,
MOJICITBT, U3I0JI3BAI aNToOpuThM Random Forest ce cnipaBs Hail-o0pe.

1.0
o8
06

04

True Positive Rate

0z Random Forest: AUC = 0.92
KNN; AUC = 0.85
Logistic Regression: AUC = 0.80

Decision Tree: AUC = 0.86

00

0o 02 06 08 1.0

04
False Positive Rate

®durypa 13. Buzyanuzanus ¢ uactpymentra ROC Analysis B Orange

Karo ce 00001sT pe3yaraTure 3a cpeaHaTa OlCHKa 3a IPOrHO3HATa TOYHOCT BbPXY KJIaCOBETE
ounenku (Cmab, Cpenen, [Ho06bp, MHuoro mo0sp u OtiuwueH) ce momydaBa: Decision Tree - 85.5%;
Logistic Regression - 77.6%; Random Forest - 89.5%; Support Vector Machine - 84.2%; Naive Bayes -
81.6%; Neural Network 80.3.1%. Karo monxozsimy 3a U3noy3BaHe, Mpyu MMOJTOOHN 3a/1ayMl 3a OLICHSIBAHE,
Morart Ja Obaat kiacudukannonHute anroputmu Decision Tree u Random Forest, KOUTO PENBIKAAT C
BHCOKa CTEIEH Ha TOYHOCT ejeMeHTuTe Ha Bad kiaca. ToBa ca CTYIEHTHTE ChC CJ1a0H OLICHKH, KOUTO
pasriexxaame Karto ,,cmyO0eHmu 8 puck®.
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B npoBeneHuns ekcriepuMeHT HHCTPYMEHTHT 00paboTBa JaHHHUTE, KOUTO Ce ChOMpaT IO BpeMe Ha
o0yJeHHeTO Ha CTyIEHTHUTE B TeXHHTE KypcoBe. OCBEH TOBa C€ H3MOJI3BAT W JAHHH OT AHKETHO
npoy4BaHe. AHKETaTa ce U3Ipalia o UMEWI mpe3 TpeTaTa ceaMulla OoT Kypca. B ocHoBaTa Ha aHkeTaTa
ca BBIPOCH, C KOUTO CTY/ICHTUTE 1aBaT MHEHHE OTHOCHO 3aJ]aunTe, MaTepHaliuTe ¥ HUBOTO HA TPYJHOCT
Ha y4eOHus npenamer. JlaHHUTE, MOMYYCHH OT aHKETHUTE, JO0ABIAT PeIUlla HOBU XapaKTEPUCTHKHU, KOUTO
ca TpPSKO CBBP3aHH C OTMNAJAaHETO Ha OO0y4YaeMWTe, Karo JIMIICA HAa HMHTEpEC, JIUICAa Ha BpEME,
OpPTaHM3AIMOHHM TIPEYKH 10 BpeMme Ha oOydeHueTo u Ap. [IpbpBHTE eKcriepuMeHTH ca HampaBeHH OT
MaJKa W3BajJKa OT JaHHHW, OTPaHWYCHA OT ITbPBOHAYAIHO HAJIMYHU DPEaTHU JaHHM 3a cTyiaeHtu. C
MIOMOIITa Ha pa3paboTeHara cUCTeMa 3a HaONIoIeHHe M ChOMpaHe Ha JaHHU 32 00y4JaeMHTe W TSIXHAaTa
JNEHHOCT (peIlleHU 3ajadu, MPETJIeKIaHe Ha EICKTPOHHU TEKCTOBH WM BUJCO MAaTCPUANIU, y4aCTHE BbHB
(dhopyM u/unm Tpynu 1Mo uHTEpecu u Ap.) ot 4580 3ammca 3a oOydaemu, 15 pesynrata oT oOydaeMuTe ca
naeHTu(unMpann B puck. ToBa € MHOTOCTBIIKOBA MPOIEAypa, KOSITO € Mpsko cBbp3aHa ¢ Big Data
Analytics [101] B mpocTpaHCTBOTO 3a EJICKTPOHHO oOyueHHWe. ExxeTHEBHO ce chOMpa OrpoMHO
KOJIMYECTBO JIaHHU, KOETO Cera M3MCKBa HOB MOAXOX KbM 00paboTKaTa Ha JaHHH, MIPUIIATAWKHN paMKa 3a
pasmnpenenena oopabotka ¢ orBopeH koa Hadoop, 6asupana Ha anroputbM Map/Redude.

N3BO/: [IIpoBeaenute eMIUPUYHH H3CJICABAHMS TMOTBBPXKIABAT, Y€ TIPEIJIOKCHHUAT
NMeTCTHIKOB METOA 3a OlleHSBaHe € TMepCneKTHBEH 3a pa3paboTBaHe Ha CcHCTEMa 3a PaHHO
NpEAYNPESKACHNUE 32 PA3IUIHH 3aMNHTEPECOBAHU CTPAHU OT 00yUaBaIllys MPOIIEC.

basupaiiku ce Ha HAaTpymaHH AaHHA OT paboTaTa Ha CHUCTeMa 3a EJIEKTPOHHO OOydYeHHE C
pa3TUYHU NOTPeOUTENH, IpUIaraiiku CpefcTBa OT 00JIacTTa Ha HayKaTa Ha JaHHUTE, MOTaT Ja Ce B3MMaT
pa3NUYHM pelIeHHsT OTHOCHO OOYYeHHEeTO. AHaNM3bT Ha JaHHHWTE, HATPYNBaHH B KYypCOBETE 3a
€JIEKTPOHHO OOYyYeHHE JaBa BB3MOXKHOCT Jla C€ MPOMEHH MOjelia Ha M3IMTBAHE W Ja C€ MPOEKTUpAT
MOAYJIH, KOUTO Ja OTTOBapAT HAa UHAUBUAYAJTHUTE HYXKAWU HA O6y‘IaCMI/Iﬂ.

Moacuasaino odGyyeHue (00yueHue ¢ YTBbpKICHHE)

KpMm anropurmMute 3a MammHHO OOy4YeHWE TPHHAMICKA W TOACHIBAIIOTO OOydeHue
(Reinforcement Learning). XapakTepHOTO 3a TO3M THUI AJITOPUTMHU €, Y€ HMHUTHUPA ICUXOJIOTHMYECKU
MOJEJ, P KOMTO Ha cUCTeMaTa ce MOJAaBaT ,,HarpaKaaBallu U ,,HaKa3Ballld~ CUTHAIU C L] Ja ce
MaKCHMH3Mpa BEPOATHOCTTA 3a MOJy4yaBaHe Ha ,,Harpajaa” W Jla ce MUHMMH3HpAT ,,HakazaHusATa  [88].
ToBa o0ydeHue ce npusiara OOMKHOBEHO IMPH JIUIICA HA NPEIBAPUTEIHO 3aJaJieH ,,lIPaBUJICH HAa0Op OT
o0y4JuTeNHN JaHHU. TakbB MOAXOJN € pa3indeH OT HauyMHA Ha JEHCTBHE MPH KOHTPOIMPAHO OOydYeHHeE,
KBJIETO 1eJITa € HaMaJIsIBaHEe Ha OTKJIOHEHHETO, CHOOPA3HO MPEABAPUTEIHO 33Ja/IeHH MPaBUIIHU JIAHHU
(BXOI/HU3X0M).

HexoHnTpoaupaHo o0yueHne

ANTOPUTMHUTE OT TO3U THII MpPHEMAT CBHBKYIHOCT OT JaHHHW, CBHABpXKAIA CaMO BXOJSIIH
CTOMHOCTH M HaMHpaT CTPYKTypa WM pas3lpelelieHne Ha JaHHUTE, 0e3 yKa3aHus 3a H3BECTHA
MpPOMEHJIMBAa WM (PYHKIMS 32 BB3HATPaKACHWE, JAaHHUTE HE Ca CTHKETUPaHW, HAMa TMPHUMEpH 32
obyuenue [100]. OcHoBHU THIIOBE pemaBaHu 3aaauu ca: Dimensionality reduction, Density estimation,
Clustering.

KnbcrepHusiT aHanw3 MpeicTaBisiBa paslpefelisHe Ha CHBKYIHOCT OT HaOJIOIeHHs B
noaMHOXKecTBa (clusters), Taka ue HaOJIIOJEHUATA B €JMH U ChLI KIIbCTEP J]a ca CXOIHH CIIOpEN €ANH WIN
HSIKOJIKO MPEIBAPUTEITHO 3aJIaJICHH KPUTEPUH, a HAOIIOMECHUTA OT PA3IUYHU KITbCTEPH J]a ca Pa3IndHU
[46]. PaznuuHuTe TEXHUKHU 32 KI'bCTEpUpaHE PadOTAT C pa3iMyHH MPEINOI0KEHHUs 3a CTPYKTypaTa Ha
JaHHUTE, KOUTO YecTo ce AeUHHUpAT upe3 HjIKaKBa METPHKA 3a CXOJACTBO M CE OLEHABAT, HAPUMED, I10
BBTpEIIHA KOMITAKTHOCT, WJIM OJIM30CT MEXK/y WICHOBETE HA €IMH U ChII KIBCTEP, M Pa3iKa MEKIY
KII'bCTEPUTE.
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Paspabotenute MeTou 3a rpynupaHe M3MOJ3BAT pa3iueH WHAYKIMOHeH npuHimi. Farley and
Raftery (1998) [32] mpeamarar pa3fensHeTO Ha METOIWTE Ha TPYNHPaHE HA JIBE OCHOBHH TPYIIH:
viepapxuuHu W pasznensimy Meronu. Han and Kamber (2001) [45] mpemtarat kareropusupaHe Ha
METOJIMTE B JIOMBJIHUTECIHH TPH OCHOBHH KaTeropuu: 0a3WpaHdW HA ILTHTHOCT METONIHW, O0a3MpaHd Ha
MOJICJIN U MPEXKOBU METOAU. AJITEpHATHBHA KaTeropu3alus, OCHOBaHA Ha MPUHIMIA Ha MHIYKLHUS Ha
pa3NUYHM METOM 3a rpynupane e npeacrasena B Estivill-Castro (2000) [29].

e ANTOpUTMH 32 pazaeinsHe Ha KIIbCTEPH

Tes3u anropuTMu reHepupar pasjIniHu IsUI0BE U CJIE[ TOBA I'M OLICHABAT IO HAKOM KpuTepuu. Te
ca Hapu4aHU HeWepapXW4HU, ThH KAaTO BCEKH EK3EMIUISIP € MOCTaBeH B TOYHO €AMH OT K B3aMMHO
W3KITIOYBALIN Ce KIIbcTepu. M3KcKBa ce mpeaBapuTEeIHO Ja ce BbBeC KeJlaHus Opoil KI'bCTEpH.

EnuH oT Hal-uecTo M3MOI3BAHUTE aJrOPUTMHM 32 pas3lielsiHe Ha KI'bCTEpU € k-means clustering
anroputMi. TO3W THN anropuTMu mnpuHaanexkar KbM Exclusive Clustering, 3amoTo IaHHHUTE ca
IpyNupaHy, Taka 4€ ako ONpeAeiIeHa [AaHHW IPUHAUICKU KbM JAZEH KIBCTEP, T HE MOXE Ha Obae
BKJIFOUEHa B Jpyr kiabcrep. Jpyr tun Overlapping Clustering, w3non3Ba pa3MHTH MHOXECTBa 3a
rpynupaHe Ha JaHHH, Taka 4e BCsIKa TOYKa MOXKE Ja NMPUHAIUICKH Ha JIBA WM IOBEYE KIBCTEpa C
pa3nyuYHa CTENCH Ha WICHCTBO.

TpUCTBIIKOB ~ alNrOpUTBM: OMNpeAeNs IIeHTpalHaTa KoopauHata (LEHTPOWA); Ompeness
Pa3CTOSHHETO OT BCEKM OOEKT 10 LEHTBpa; Ipynupa oOeKTuTe Ha 0azaTa Ha Hal-MalKOTO Pa3CTOSHHE.
HperaTﬂBa CC, KOTaTO HCHTPOUAMUTE CHpaT Oa CC ABUKAT WM HAKAKBB Ipar € AJ0CTUIHAT (HaanMep
Opoit ureparun). Cienpa npuMepeH padOTEH MOTOK 3a MPUJIaraHe Ha MHCTPYMEHT k-means BpXy HaOop
OT JaHHU W BU3yalU3upaHe Ha pe3ynTaTa upe3 nHcTpyMeHT Scatter Plot (gur. 14).

3a m3rpaxaane Ha UHPOPMAIMOHHHMSI TTOTOK ITBPBO CE M3BBPIIBA CbOUPaAHe HaA OAHHU. 3apeKaa
ce paboTHHUS IUIOT U HAbopa C MHCTPYMEHTH U Ype3 HHCTPYMEHT ,,File” ce 3apekaar JaHHUTE 3a aHAIU3.
Moxe na ObIe TPUIOXKEH W WHCTPYMEHT [mpute” 3a mounctBaHe Ha nanHute. Cnena H3oop na
uncmpymenm k-means. Tozn wHCTpyMeHT Ha cucremata Orange peanusupa k-means clustering
anropurbM. [locnenHara creiika € eusyanuzauyua na pesynmama. CaMusT UHCTPYMEHT k-means He
BU3yaJIM3Mpa pPe3yiTaT, 3a Ta3H 1ejl TpsAOoBa KbM HH(OPMALMOHHUS TOTOK J1a ObJie CBbP3aH HMHCTPYMEHT
3a BU3yanuzauus, Hanpumep Scatter Plot.

. ed D3 — D3 ot
Paint Data ok annotded
®

keMeans

Ourypa 14. PaboTeH moTok ¢ npuiaraie Ha UHCTPYMEHTH k-means u Scatter Plot

e llepapxuuHaTta KIIbCTepHA3aIHs

Koraro Oposs Ha KIbCTEpUTE HE € TMPEABAPHUTEIHO OIpPEJENeH, Ce HW3IO0JI3BAT HepapXUIHH
KIIbCcTepu3aoHHn npouenypu (Hierarchical Cluster). Te3n anropuTMu 3amodBaT OT JEKJIapHpaHe Ha
BCSIKA TOYKA 32 CBOW COOCTBEH KIIBCTEP W CIIE/I TOBA OOCMHSBAT JIBa HAl-1T0I00OHH KIITBCTEPA, JOKATO HE
ObJie yIOBIETBOPEH KPUTEPHIA 32 CIIMPAHE.

Tl'onsimoTo pasHOOOpaswe Ha MPOIENypUTE Ce TMOpaXaa OT HU3IMOJ3BaHATA MeTPHKA MEXITy
pasnuuHuTe 00eKTH. MepapXxuuHaTa KIrbCTepHasals U3UNC/IABA HepapXUUHO IPYIIMPAHE Ha TIPOU3BONHHA
TUIIOBE O0EKTH OT MaTpULaTa Ha Pa3CTOSIHUATA MEXKAY TAX U IIOKa3Ba CbOTBETHATA OeHOpocpama.
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Metox 3a m3rpaxiaHe Ha HMHQOPMAIMOHEH IOTOK TPH HepapXu4yHa KIBCTEPH3ALUS €
CBBP3aH C NpUIarane Ha CICIHUTE CIBRKU:

1. Cvoupane na oannu. 3apexaa ce padOTHHA IUIOT U Ha0Opa ¢ UHCTPYMEHTH M C€ 3apeiKAaT
JTaHHWTE 32 aHau3. Moxke 1a Obe NPHIOKEH U MHCTPYMEHT 32 ITOYHCTBAHE HA TAaHHUTE.

2. H360p na uncmpymenm Distance 3a u3uucisiBaHe Ha Pa3CTOSHUETO MEXIY €lIEMEHTHUTE. 3a
rpynupaHe Ha JaHHUTE MOTaT Ja Ce W3MOJI3BaT Pa3INyHH TE€OMETPUYHM TOKA3aTeNN 3a W3UHUCIABaHE HA
pascrosiaue. Euclidean metric e MApKa 3a pa3CTOSIHUETO MEXKIY TOYKUTE, M300pa3eHH Ha €BKIIHMIOBATA
paBHMHA. Manhattan metric € MspKa, KbAECTO PA3CTOSHHETO CE M3YHCISIBA KaTo cyMa OT abCONIOTHATa
CTOMHOCT HAa pa3NUKUTE MEXIy IBE TOYKH, H300pa3eHH Ha JeKapToBaTa KOOpAWHATHA CHCTEMA.
Minkowski distance metric e 06001eHne Ha oka3aTenute ot Euclidean metric u Manhattan metric.

3. H360p na uncmpymenm Hierarchical Clustering. To31 UHCTpYMEHT peau3upa aaropuThM 3a
HepapXU9HOTO TPYNHpPaHEe HA TPOU3BOJHU TUIOBE OOEKTH 4pe3 HM3YMCICHHTE PA3CTOSHUS M MOKa3Ba
CBhOTBETHATa JIcHIporpama. Jenopocpamama € rpad-IbppBO, B KOETO BCEKH Bb3eJ OTpa3sBa eJHa CThIKa
OT IIpoIieca Ha KIIbCTEPU3UpPAHE.

4. Buzyanuzauyua na pezynmama. Upe3 pazauyHH WHCTPYMEHTH MOXKE Ja C€ BH3YyaIM3Upa
pe3yJiTaTa 1o pa3aIudHd HAYuHY, HanpuMep upe3 uactpymentute Data Table v Scatter Plot.
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Ourypa 15. PaboTeH moTok 3a HepapXUIHO KIIbCTEPU3UPAHE

Jpyru momyispHu cOMTyepHH CpeAcTBaTa 3a W3BIMYaHE Ha 3HAHUS, KOMTO Morar Ja ObJar
M3MOJI3BaHM 3a aHaiu3 Ha naHHu ca Harnpumep: WEKA [103], RapidMiner [87]. KNIME [52], KEEL
(http://sci2s.ugr.es/keel/), SPSS http://www.ibm.com/analytics/us/en/technology/spss/ u ap.
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3.3. Ye0 MeTpuku 3a OlleHsIBaHe JeHHOCTHTe HA 00y4yaeMd BBHB BHPTYAJTHO 00pPa30BaTeHO
NMPOCTPAHCTBO
AHanM3bT Ha JaHHHUTE, HATPYIAHU 1O BpeMe Ha 0OyYeHHETO MO3BOJIsIBA MPOYYBAHMS M OOpaTHA
BpB3Ka 32 TOBa KaK 00ydaeMHTEe ThPCIT HMHPOPMAIUs, KaKBU 3aTPyIHEHHsS CPEIIaT W MPOCKTHPAaHE Ha
MOJyJIM, KOUTO OTrOBapsAT HA WHAMBHUIYAIHUTE HYXIU Ha oOyuaBanus. Ha Gazata Ha yeO METpHUKH TYK
ce mpeajiara METOJ 3a OIICHKa Ha CTENeHTa Ha W3MOoJ3BaHe Ha yed caiiToBe, CBbp3aHU ¢ oOjacTTa Ha
o0ydeHHeTo TpH MOAeNupaHe Ha oOydaeMHuTe, Oasupallku ce Ha aHaIW3 Ha IOBEICHHETO WM B
oOydyaBamiara cpefa 1 yeb mpoCTpaHCTBOTO. AHATH3BT Ha AaHHHUTE JjaBa Bb3MOKHOCT Jia CE IPOEKTUPAT
MOJTyJIH, KOUTO Jia OTTOBAPAT HAa UHIUBHUIyaTHUTE HYKIH Ha 00ydaeMus 3a ThpCeHe Ha HHPOPMAITHSL.
Yeb ananuzvm e nzMepBaHe, chOUpaHe, aHAIN3 M OTYMTAHE HA WHTEPHET JaHHU C LIeJ T0-J00po

pa3bupaHe Ha CIOXHHUTE B3aUMOJICHCTBUS MEXKAY MOTpeOuTenure Ha yeOcaiitoBe. IlpomechT Ha yed
aHaIM3 BKJIFOYBA Pa3NuIHU yeb MeTpukH, nedunupanu B Google Analytics [25] karo:

* page views - Opos TIOKa3BaHUS Ha yeO CTpaHHIIaTa, JOCTHITHA OT MOCETUTEN (0e3 masy Wid podoTH);

* visitors - Opos Ha YHUKAJTHUTE TIOCETUTENH Ha yeb caiira;

* pages/visits - Oposi Ha CTPAHUIIMTE, KOUTO Ca Pa3riie/laHy OT MOCETUTEI 10 BPEME Ha IMOCCIICHHE;

* time on Ssite - TPOABIDKUTESITHOCT Ha BPEMETO, IPEKapaHo OT BCUYKH MTOCETUTEIIH Ha yeb caiita;

» stickiness - cnocoOHOCTTa Ha ye0 CTpaHUIIaTa Ja 3aIbpXKHU MIOCETUTENS Ha yeO caiiTa;

* frequency — (uectota) Opoii TIOCEIICHHUS, OT TIOCETUTEN Ha caiiTa (MHAUKATOP 3a JIOSUTHOCT);

* recency - Opoli THY, U3MUHATIH OT TIOCJICHOTO MOCEIICHUE HA MOCETUTENSI Ha CaiTa;

* length of visit - BpeMeTo Ha TIOCEIIeHNe, PEKapaHo OT MOCETHTEN Ha yeOcaiiTa (B CeKyHAN);

* depth of visit - Opoii CTpaHUIIU, IIOCETCHU OT MOCETUTEN 3a S/IHO MOCEIICHUE U JP.

B obnactra Ha yeb aHanm3WTE CE€ WM3IMOJ3BAT TJABHO JIBE TEXHUKH 32 aHAIN3 Ha Tpaduka Ha yeod
caiiTa: chOMpaHe Ha JaHHMU OT CTpaHa Ha ChPBBPA W OT KIMEHTCKAa cTpaHa. MeToauTe 3a chOMpaHe Ha
JMaHHU OT CHPBHPA M3BIMYAT W aHAIM3HMPAT JaHHU OCHOBHO OT PETHMCTpaloHHUTE QaitnoBe (Log files) u
BKIIFOUBaT WH(MOpMAIs 3a peructparrioHHn (ainoBe xato [P amgpec, wac m nara, Tum Opay3bp u JIp.
Hudopmarmsra 3a NMOBEICHUETO BKIIIOYBA 00INa WH(pOpManus 3a cbhphupaHe, KaTo Hampumep Opoi
IperjelaHd CTPaHULM, €3UKOBa HacTpoiika u np. Korato ce cbOMpaT JaHHM OT KIMEHTCKU CaWTOBE WU
CTPaHUIM C OTMETKH, JAHHHUTE 32 MIOCETUTENNTE Ha CTPaHUIIATA CE M3MpaIar 10 MpOCIesBall ChPBBP C
nomoiira Ha JavaScript kox (wim etuker), BMbkHaT B HTML crpanuiiara. C To3u 1Moaxoj MOrar ja ce
MpociensBaT TOYHO BCUYKH ACHCTBUA Ha MMOCETUTENS, KAKTO U J1a Ce ChbOMpa JIOMIbIHUTEIHA HHPOPMALIHSL.
BuckBuTtHTe Morar 5na ce M3MON3BaT, 3a Jia Ce ONpEeIeN KOJIKO MOCETUTENH 3a MbPBU BT WIIM KOJKO
MOBTOPHM MOCETUTEIH € TIOJTyYHJI JIa/IeH CAalT, KOJIKO ITbTH ITOCETHTEI CE€ BPBILA 32 BCEKU IEPHO U KOJIKO
BpEMe MUHABa MEX/TY MOCEIICHHSTA.

Google, WebTrends, Nedstat [5] 1 MHOTO Apyru KOMIAHUH MIPEOCTABAT copTyep 3a yed aHams ¢
MOMOIITa Ha Mapkupane Ha ctpanuii. Google Analytics e Haif-u3non3Banara Oe3ruiaTHa nporpama [25].
Ot riegHa TOYKa Ha aHalW3a Ha JIeHHOCTTa Ha oOy4yaeMuTe, OCOOCHO WHTEpECHa € CBbp3aHara C
KJIMEHTHTE H(OPMALIUS, HCTOPHUSITA Ha TOCEIICHHUTA U MIOBEICHUETO UM, IOTPEOUTENCKHS TPOQHI U Ip.
Google Analytics M3roTBsi aHOHUMHHU U CTaTUCTUYECKU OTYETH 3a yeOcalToBeTe, KOMTO T'0 M3IOJI3BaT.
[loka3Bar maHHW KaTo reorpad)cko MecTomnojiokeHHe (Ha 0azaTta Ha OONIM KOJOBE 3a TeOJIOKallus,
0azupanu Ha [P), Bpeme Ha nocemenue 1 T.H. Hanpumep: oTaeTsT Ha dur. 16 [25] naBa BB3MOXKHOCT Ja ce
MPOCIIETN IO YacOBE MOCETUTENCKUs Tpaduk Ha caiiTa.
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@urypa 16. I'paduk 3a mouacosa Tenaeniws ¢ Google Analytics.
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3a ;ma ce HampaBW aHAIW3 HA HaW-TIOCEIIABaHHWTE OT oOydaemus ye0 caiToBe, XBJIOOUYMHATA W
YecToTara Ha MOCeIeHnsTa, ce u3nonssa Fuzzy Classification of the Web Metric [107]. 13BecTHO e, 4e B
TEOpHsTa 3a Pa3MUTUTE MHOXKECTBAa M pa3MUTaTa JIOTHKA, C€ OTYUTAT HETOYHOCT, HECHT'YPHOCT H
HESICHOTATa Ha YOBEUTKOTO MUCIICHE U €3HK, ONIPECIHKN (QYHKIHATA HA TIPUHAIIICKHOCT.

Pa3muro maO)ecTBO A B X ce nedunupa karto [105]:

) A ={(x, PA(X))}, kprieTo X € X, pA : X — [0, 1]

e ¢pyHKIHATa Ha MpUHAIeKHOCT HA A 1 HA(X) € [0, 1] e creneHTa Ha IPUHAAJIEKHOCT Ha €IEMEHTa X B
MHOeCTBO A. B HammTe excriepuMeHTH 3a Oposi Ha TMOCEUIEHHITa Ha JaJeH yeb cailT, ce BhBEXIAT
TepMUHHTE ,,low", ,medium* n ,high” xaro e€3uKoBH NMpOMEHJHMBH. B 00mms ciydail, oTduuTaiiku
CTOWMHOCTHTE 3a TOKa3BaHe Ha crpaHuiuTe karo true (1) mmm false (0) 3a mecem, cTpaHumuTe ce
OmpeeNsIT KaTo ,,HUCKO MOCEIIAaBaHM ", aKo MOCEHICHUsITa ca HanpuMep Mexay 0 u 25, mexay 25 1o 55
MOCEHICHUs CTPaHUILIUTE ca ,,CPEIHO MOCEIIAaBaH * U IOBeUe OT 56 MOCeIeH s ca KIacu(PUIUPaHu KaTo
,,BHCOKO TTOKa3BaHU ‘. BbIIpeku TOBa, ako MOCETUTEI UMa 55 MOCEeIIEeHUs Ha CTpaHuIla, TON ce Onpeess
B KJIac ,,CpEAHO" aKTHBEH, JOKATO APYT MOCETUTEN ¢ 58 MOCeUIeHHs ce ONpeeNsl KaTo ,,MHOTO " aKTUBEH
MOCEeTUTEN. BhIpekn pasznmuka caMo OT camMO OT 3 TOCEIIeHHs, Te ca paslpeleieHd B JBE Pa3udHU
rpynu. Upe3 neduHMpaHe Ha pasMUTH MHOXECTBA, NMPEACTaBEHU ¢ (QYHKIHS 32 MPUHAJICKHOCT Ce
BBBEXKJIa HEMPEKHCHAT MPEXO0J MEKIY KIIacOBETe ,,low™, ,medium™ u ,,high*. Taka moceTuTen MoXxe Ja
MIPUHAUIEKN OTYaCTH Ha aBa kiaca (55% Ha ,,BUCOKO akTuBeH W 45% Ha ,.CpeqHO aKTHBEH )
€THOBpEMEHHO. M3MoI3BaHeTo Ha pa3MHUTH KIIACOBE IO3BOJISIBA IMO-TPELM3HA KIacUHKalus Ha yeo
MerpuyHuTe croiHocTH [50]. OTumraliku TOBa C IeN a Ja ce OIeHH TpaduKbT Ha yeOcaiita, ce
pa3paboTBa pa3mmTa cucTema oT mpaBuia [28]. M3mepBaneTo Ha Oposi Ha MOCEMIEHUS Ha CTpaHUIA €
YHCII0, KOETO caMo 110 ceOe CH HIMa rojsiMo 3HaueHre. CaMo KOHTEKCTBHT Ha YHCIIOTO CIPSIMO Oposi Ha
TIperJieIuTe Ha APYTH CTPAHHIIN TIPEOCTaBs 3HaHUE, HA 0a3aTa Ha KOETO MOXKEM Ja HaIllPaBUM OIICHKA.
3a ompenensHe Ha Opost HA MOCEHICHUITA HAa yeO CTpaHHIU Ce pealu3upaT MpaBuiia 3a pa3MHuTa
knacudukamus. llpunara ce meroma Ha unoykmuena paszmuma kiacugpuxayusa (Inductive Fuzzy
Classification IFC), ipu KOWUTO TPYNIHPAHETO HAa €IEMEHTHTE B pa3MUT HabOp, ce M3BBPIIBA C PYHKIIUSA
3a YJICHCTBO, HU3BCXKJaHa 4YpPE€3 HUHAYKOHA OT IdaHHH. HHJIyKTI/IBHaTa pasMuTa KHaCI/I(i)I/IKaHI/IH 1o
npouentmwieH panr (IFC-PR) [50] renepupa pasmuta GyHKLIUS HA WICHCTBO, B CIIydasl M3IOJI3BANKU
, s,medium*“ u ,high®“, xopenmupamu ¢ Oposs TOTPeOUTEIICKU

(13

OOIIUTEe €3UKOBH TEPMHUHU ,,low
MOCEIICHUS:
- eMIIUPUYHUSAT PAHT HAa CTOMHOCTTA X C METpUKata M orpeens MpuHaUIeKHOCTTa KbM PA3MUTHS
Knac ,,high”:  phigh(x):= P(M < x)
- mokazatensat M mie Obpae kinacuuiupan Karo ,,Jow” (OTpHUIIaHWETO Ha MPUHAJIEKHOCTTA KBM
knaca “high”):  plow (x):=1—phigh (x)
- kiacuukanus ,,medium” ce nppuHUpa KaTo:
pmedium (x):=1— abs(phigh (x) - 0.5) — abs(plow (x) - 0.5).
B nposexxnanoro uscinenpane [82] ce nmpaBu aHaU3 Ha MOCEIICHUsATA HAa yeO calToBeTe, yKa3aHU
KaTo TIOMOIIHU MaTepHalld B Kypca Mo JTuciuruinHara V3KycTBeH HHTeNeKT. 3a Besika yed cTpaHuIaTa ce
OIIEHsBA TIOCEIIaeMOCTTa, KaTo Hampumep: crpanuiata W1 wmma 135 mocemeHuss B paMKATe Ha
oOy4aBanus Kypc. OO0 peoKeHuTe U HaOII0IaBaH! CTPaHUIM B Kypca ca 80 U 56 OT TAX uMaT 1o-
Manko noceuieHus or W1. 3a oueHka Ha nocemenusta Ha W1, ce mpecmsirta:
phigh (mocemenne (W1)): =
P (Bbpoii nocemenus < nocemenus (W1)) = 56/80=0,7.
Taka cniopen pa3mmurTarta KiIacu(UKalus ce ONMpeselis, TMOCeNaeMOCT Ha CTpaHMIaTa ,,BUCOKA™
man 0,7, 3a ,,Hucka“ mox 0,3, a 3a ,cpenna™ mo 0,6. Ha Ga3ara Ha modydeHUs aHAIM3 3a BCsKa yeb
CTpaHUIla, MpeajaraHa B 00y4yaBalius Kypc, e B3UMaT PEIIeHH 3a aKTyalu3upaHe Ha yeO H3TOYHHIIUTE,
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KaKTO U JIObJIBaHe Ha JINTepaTypaTa ¢ HOBH CaliTOBE, CBbP3aHU C HAW-ThPCEHUTE TEMHU.

Crnen KaTo ce HampaBW aHANHM3 Ha Hal-TIOCEIIaBaHUTE OT 00ydaemus yeO-caliToBe, TbI00OYNHATA
W YecToTaTra Ha IMOCEUICHHUSTAa, CIeABa Jia Ce aHaJM3hpa W ONpEAeNd THMa Ha TAXHOTO ChIbp)KaHHE.
[lonxom 3a aBTOMAaTHU3WPAaHO OMpENENIHEe THUMA Ha JOKYMEHT W JOKOJIKO € CBBbp3aH C o0lacTTa Ha
oOyuenueto e npenacrtaBed B [80]. AHaNM3BT ce O6a3upa Ha UaesATa: ONPEACICHH TyMH B JOKYMEHTa ca
3HAYMMH 3a ChIBbPKAHUETO My. 3a Ja ce OIpelesT Te3W OYMH ce THPCH YecTOTaTa Ha IMOosBaTa WM,
n3nomsBaiiku codryepa Wordcloud [104]. Morat ce HajaraT ¢UITpH, OTHOCHO MOTy4aBaHUS CIHCHK C
nymu. M3uncinsiBa ce GIM30CT Ha BCSKA AyMa OT IMOJy4YE€HOTO MHOXKECTBO, C BCHUKH JyMH OT PEYHHKA Ha
MpeIMeTHaTa OHTOJNIOTHS, CBbp3aHa ¢ oOilacTTa Ha OOy4eHHEe W ce B3WMa Hai-MalKkara IOJy4deHa
CTOHHOCT 3a BCAKa JAyMa. 3a OmpeleNsHe Ha ONM30CT Ha AyMHUTE W (pasuTe ce HM3MOoI3Ba MOAXO[,
npencraBeH B [48] upe3 q-gram METPUKHU.

Upe3 o0OpaboTka Ha TOISIMO MHOXKECTBO OT yeO-TOKYMEHTH C€ HaTpymBa Habop OT JaHHHU C
W3BJICUCHH OT TAX LIEHTPAIHU TYMHU U CTETIEHTa UM Ha OJU30CT C MOHATHUATA OT aHAIM3UpaHaTa 00JacT.
Tesu manHM ca M3MOA3BaHU 32 O0ydeHHE Ha KIACU(PUKAIIOHHHN allTOPUTMH, TIPEACTABEHU M OMTHUCAHHU IO
(dopmara Ha MHOTOCTBITKOB MPOIIEC, KATO LENEeBHsI aTpUOyT € Jalli TOKYMEHTa € CBBP3aH ¢ 00JIacTTa WK
He. [Ipeioxken e MeTon 3a aHANM3 Ha JOKYMEHTH, TIOKa3aH ¢ cxemara Ha ¢wur. 17.

N\
CrbnkKa 2. Crbnka 3. Crbika 4.

OnpepensHe Text mining Mpexsu:kaane.
Ha 3HaYMMH Cb3paBaHe OueHka Ha
Aymu Ha mogen TOYHOCTTA

Crbnka 1.
Parser
AHanus Ha

JOKymeHTH

Aymute

®Ourypa 17. MHOTOCTBITKOB IPOLIEC Ha aHAIN3 M IPOTHO3MPAHe HA JOKYMEHTH OT 3a/aieHa 00JIacT

Ot crbupanaTa nHOOpPMAITUS 32 IEHHOCTTA HA MOTPEOUTENHTE B yeO MPOCTPAHCTBOTO C IIOMOIITA
Ha KIIbCTEPEH aHaJM3 WM MpUJIaraHe Ha acOLMAaTHBEH aHaJM3, MOXKE J1a C€ M3BBPIIBA IMOTPEOUTEIICKO
cerMeHTupane. Ye0 ChIbpKaHHETO MOXKe J1a ObJle aHATH3UPAHO Ha CIeAHHUTE CTHIKA (ur. 18).

CrOupane u ining
Ve cai Web meTpuku >OHp Data Mining
e0 caiiToBe, . MOJIrOTOBKA Ha TEeXHUKH
Logs, Clickstream _ ¢ ’
[IOCETUTEIH, nanuute (yeb MOTPEOUTEIICKH
stpeGHTe . JIAaHHH 3a
OTPEOUTENHN He azpecw, mpodunn
o MTOBEJICHUETO HA ApECH, podum,
cucreMara. _ [OCETUTEH...) MOJIENH,
MoTpeOuTENNTE. o
O000meH s a0JIOHH ...

Ourypa 18. ApxurekTypa 3a U3BIMYaHE HA JaHHU OT yeO METPUKU

U3BO/I: B erana Ha aHain3 Ha pe3yATaTUTE OT MPOBEACHOTO 00ydeHUE, 0COOEHO BHUMAaHHE CE
OTACNsl Ha TPYAHOCTUTE, KOMTO OOy4YaeMHTE CpellaT NpW HW3NBIHEHWE Ha OTICIHUTE MOJYJIH B
JTUCIHMILINHATA. B IpoBeIeHns eKCIIEpUMEHT, HAalPpaBeHNUTE U3BOMIM Ca CBHhP3aHU C OTUYMTAaHE Ha (aKTa, ue
CTYICHTUTE B H3CIIe[[BaHAaTa AWCUWIUIMHA 3KyCTBEH WHTENEKT Cpelar TPYAHOCTH Tpu pabora C
JTUTEepPaTypHUTE WM3TOYHMIIM 3a W3TOTBSIHE Ha TPOEKTa Mo u3dpaHa Tema oT Moodyn 4, B obnacrture:
»Blockchain*“, ,Ethics and Emerging Sciences®, ,,Policy and investment recommendations for
trustworthy Artificial Intelligence * xakTo 1 Ipu ONpECISTHE HA PUCKOBE, CBBP3aHU C TE€3U TEXHOJIOTHH.

Upe3s mpencraBeHUs: METOA B cpeaara 3a OOydYEHHE MOXKE Jla c€ NpOociequ aKTUBHOCTTA Ha
o0yJaeMHUTEe B MHTEPHET MPOCTPAHCTBOTO, KATO CE HATPYIBAT JIaHHU, OTHOCHO TAXHAaTa aKTUBHOCT B
oOyvaBamiara cpefa. Upe3 aHanM3 Ha TO3M TUN JIAaHHH C€ TOJy4aBa HaBPEMEHHa WHQOpMAIMs 3a
AKTUBHOCTTA, HANPEIbKa U ycliexa Ha oOydaemuTte. Pesynrature nokas3sar, uye GOpMYITHPAHUTE PEIICHUS
MOTaT YCIENIHO Jia Ce M3IMOJI3BaT 3a pas3iWyHM 3aJladd M MOoraT Ja ObJaT aJanTHpaHd KbM HOBHU
TEXHOJIOTHH ¥ TIPUIIOKeHUS. [IpeIoxKeHUsIT METOI HAChpUaBa Ch31aBaHETO HA WHOBAaTHBHA 00ydJaBalia
cpela u € Clie[[BallaTa CThIIKa B JUTUTATU3AIUATa HA 00pa30BaHUETO.
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3.4. MoaeaupaHe Ha MOTPeOUTEIsI B 00Pa30BATETHOTO MPOCTPAHCTBO

Upes moaxofsiiy CpeicTBa 3a CIICJCHE W OTYNTAHE Ha JIEHHOCTTA HA MOTPEOUTENsI ce U3rpakaa
HEroB MOJeNI. MoJenbT CIy’KM 3a NMEPCOHAIM3MPAHE HA CHCTEMara KbM 3HAHUATA M YMCHUSATA Ha
MOTpeOUTENsI W MpHIaraHe Ha aJeKBaTHU IOJANOMAraiid cTparermu B paborata my. MoaeabT Ha
MOTPEOUTENIA 10 CBOSATAa CBIIHOCT € CTPYKTypa OT JaHHHW, [PEICTaBslla WHAUBUIYaTHH
XapaKTePUCTUKH 3a MOTPEOUTEINs, Ha JaJieHa MporpaMHa cCUcTeMa. TO# TpeicTaBs MO3HABATEITHHUTE
MIPOTIECH M CXBAIaHU Ha MOTPeOUTENS 3a PIIIOKHATa ooact [7].

Crnopen Barr u Feigenbaum [10] cpiiecTByBart jiBa 6a30BH MOAX0/1A:

- llpu moodenume ¢ npunoxpueane (overlay approach) 3HaHHETO Ha MOTPEOUTENSI Ce MPEACTABS
KaTo MOJMHOXECTBO Ha OOILOTO 3HaHWE, MOATBPIKAHO OT cUCTeMaTa 3a 00JjacTTa, KOSTO ce M3y4aBa,
3HAaHMETO Ha eKCIepTa B 00JNacTTa WM OYaKBAaHOTO 3HaHWE 32 oO0y4yaeMmus. 3HAHUETO Ha CHCTEMarta €
JICKOMITO3MPAHO Ha HE3aBHCUMH KOMIIOHEHTH M € MOKPHTO ChC CHCTEMa OT O3HAYCHUS, MMOKa3Balld
HUBOTO Ha YCBOSIBAaHE Ha BCSKa OTJEIHA KOMITIOHEeHTa. [IpueMaliku TOBa CTAHOBHUIIE TYK C€ M3rpaxkia
MOJIEJT 32 OIeHsIBaHEe Ha 0a30BUTE 3HAHUS HA 00yYaeMHTE OTHOCHO OCHOBHHUTE IMOHSTHUS M 3aBHCUMOCTH
MeXIy TsX. B mpemomaBanara mpeaMeTHa o0JIacT € M3rpajicHa Hepapxusl Ha MOHATHUATA, JeUHUpaHa B
M3I0JI3BaHaTa TOMEHH-0HTONIOTHs. Clie[l BCEKH TECT Ha MOHATUATA CE MPHUITMCBA OTHOCUTEIIHA YUCIIOBA
CTOMHOCT (B TPOLICHTH), KOSITO MIOKa3Ba CTENEHTA HA CUTYPHOCT Ha CHCTEMaTa OTHOCHO MO3HABAHETO HA
TOBa MOHATHE OT KOHKpETHHUSI 00ydaeM. OmeHKaTa 3a BCSIKO MOHATHE MOXKE Ja ce hopMHupa AUHAMHYHO
KaTo OCpEeTHECHA OlCHKA Ha IBIICPHUTE MYy MOHSITHS 10 GopMynara:

k
(10)  Mark term = %ZMark_Subtem{i] ,
i=1
KBJCTO Mark Subtern[i] € OIICHKaTa Ha I-TOTO IBINEPHO TOHITHE, a k € OposIT Ha IBIICPHHUTE
(HaCHC}ICHI/ITC) IIOHATHUSA Ha OUCHABAHOTO OCHOBHO ITOHSITHEC. Bcsko ABIICPHO MOHATHE OT CBOSA CTpaHa
MOXe J1a C€ PasriIeKIa KaTo POJUTEIICKO HAa CBOUTE JBIICPHU TOHSATHS U Ja MMOJy4aBa OI[CHKATa CH 0
chinata gopmyna. ToraBa odOmaTa orieHKa 3a 00y4aBaHaTa TeMa MoXe Jia ce popmupa 1o Gpopmysara;

n
(1 1) Mark = lZMark_ Term[j],
n J:I
KBICTO Mark_ Tern{j] € OLIEHKAaTa Ha j-TOTO OCHOBHO MNOHSTHE B M3y4yaBaHaTa TeMa OT IpeAMEeTHaTa
o0J1acT, a 7 € Opost Ha T3 OCHOBHH MOHSTHS.

- llpm momxoma Modenupane c¢ Oubruomexka om epewku (bugs theory) dopmamHo ce
JMAarHOCTHIIUPAT TPEIIKH, Ype3 CIHUCHK OT MPEIBAPUTENHO JePUHUPAHU TPEITHO YCBOSHH H JIMTICBAIIH
€JIEMEHTH OT 3HaHUs. TyK MOAEThT Ha TIOTPEOUTENSI ce ChCTOM OT MOJISN Ha EKCIepTa, NOMbJIHEH ChC
CIIMCHK OT JONMYCKAaHW T'PEIIKH B oOnactra. ['oysiMa WacT OT Te3W JaHHM ce ChOMpar OT cpepaTa 3a
CJIEKTPOHHO OOy4YeHHE M Ce ChXpaHsBaT B pejalMoHHa 0aza oT JaHHW. M3moi3Baliku HaTpylnaHuTe
JaHHH, C€ TeHepUpaT CIIPAaBKU 33 YYACTHUIMTE U paboTaTa UM, HApUMEp: CIIpaBKa 32 YYaCTHHUIIUTE B
JaJieHa JISHHOCT, CIIpaBKa 3a MPOIBIDKUTEIHOCT Ha JIaJIeHO OOydYeHHe, /aTa Ha 3aloyBaHe W JaTa Ha
3aBbpIIBAHE Ha Yy4YacTHUETO; JaHHW 3a OoOydaeMHTe U KypcoBeTe, B KOWTO YydacTBar; oOIl Opoit
y4YacTHHIM; OpOH yUaCTHHIM, IPEMUHATIH 00y4YeHHE B OTACITHUTE KypCOBE H JIp.

3a nma Moxe oOydeHHeTo jaa Obae (popMaIHO MpEeACTaBEeHO Ha METa-HUBO, TO HErOBUTE 0a30BH

acrekTu (3HaHuWe, MPOLECH M y4acTHHLM) TpsOBa Aa ObJAT MOAEIMPAHU U (OpPMAIM3UPAHU 1O HAYWH,
KOHTO ocurypsBa neduHUpaHe, HAMHPAHE M M3MOJ3BaHE HA peNlaluy MeXny Tiax. B aucepranuoHHMs
TpyJ ce pa3paboTBa U mpejyiara Mojied Ha yueOHUs poiiec B 00pa30oBaTEIHOTO MPOCTPAHCTBO, Oa3upaH
Ha OHTOJIOTHH 3a TpelcTaBsHe Ha 3HaHusATa. Ha ¢urypa 19 e mpencraBeHa cxema Ha pa3padOTBaHMS
OHTOJIOTHYEH MOJIeNl Ha eJNEeKTPOHEH Kypc. [IpOTOTHII Ha OHTOJNIOTHSITA € TEeCTBaHa 4Ype3 CHcTeMara
Protege (http://protege.stanford.edu/).

Asmopegpepamu na oucepmavuu 2023 (9) 61-120


http://protege.stanford.edu/

84 Jlanuena Opososa

: :o:‘lgu::swuen_nwc -4 B %A HDd 0D QU6 A 8T (e B BE Lt

0 Obyuapalu_Heroam

¥ 0 Pecypon -
® EnexTponnen_Harepuan
@ Wurepuer_pecypon ¥
0 Kunrn/ Yuebudum

regnm

¥ O Moaynu ) )
v O AxmenocTr < v ta.
9 fucioyeun @ Pocypen ® Oty-asaum_werca I ® Cumpuame
0 Nexynonen_Matepuan =

@ Npumepn_n_obRcHenna " fon 2
» 0 YnpamHeHus . | -
¥ 0 YHeHnn KOMIETEHTHOCTH "
Ypiestun fKownereumioctn i Y —— l [ © ocpuer_socysc l @ owenme | [ Bwosrsetemn [ ® Moy |
0 TeXHHUECKH_YMEHHA | —

8 hem: D |7 | @ Tncuewnane | [ @ Tocroee | ® Hermro e
= ) ﬂ:;-u_uup I . or.h:mw_-_m l |' ® m-ﬂm I ® B‘::-a_cml-_ | 0 oy

® Toouesoom_yuon
™

®ur. 19. OHTONOrHYEH MOJEN Ha eNEKTPOHEH KypcC upe3 cucteMara Protege

MopzensT Ha 3HaHHATA OT 00JIACTTa HA OOy4YEHHE NMPEACTaBs OCHOBHUTE KOHIENIUHU W TEXHUTE
BPB3KH, KOUTO TPAOBa J]a ObJaT MpenoJjaBaHu U MpocieIsiBaHl KaTO HUBO Ha YCBOCHOCT.

Ha 6a3aTa Ha ekcriepuMeHTH ¢ 00y4aeMH B €JIeKTPOHHA Cpefa 10 pa3IndHH JUCIUILIHHU TYK Ce
mpenjara ooma paMkKa Ha apXUTeKTypa Ha Mojed Ha oOydaeMmus, KOHTO BKJIFOUBA TPU THNA (HaKTOpH:
(hakTOpH Ha KOMIIETEHTHOCT, EMOLIMOHAIHHU (PAaKTOpH, (PaKTOPH HA BH3JICHCTBUE HA COIIMAIHATA Cpefa.

I Mopayn 3a norpeduTencku uuTepdeic I

¢ XapaKkTepUCTUKH 3a daxTopu Ha

OBYYABAIIl MOAYJ KOMIIETEHTHOCT coIlMaJHaTa

cpena
Craryc 3HAHUSI MortuBanus
TloBenenue H

Data Mining cpexnctBa KomyHukauus
YMEHMUSI CouuaineH cratyc

w WupuBunyanau Cemeer cTaTyC

CIIOCOOHOCTHU O6pasoanie
Monen na E a Bb3pacr
npeAMeTHaTa 00JacT. [ToBenenue
Ilon u ap.

O0yuaBai MaTepual,
EmonmoHamHo checTosIHIE

METOOOJIOTHA, LICIIH.
I{actne T'usB I Crpax

. p Tora W3znenana I OtBpauieHue

Owr. 20. ApxuTeKTypa Ha 00yJaBaliia CHCTeMa ¢ MOZET Ha o0ydaeMus

[IpemoxxeHuaT Mozen Ha MOTpeOUTeNss € 000COOEH KaTro OTHENIeH MOAYJ, ChAbpPIXKAall JaHHU 3a
nmoTpedurens, U cucreMa OT (PYHKIWHU, TPIDKEIM ce 3a ChOMpaHeTo, ChXpaHEHHeTo, oOpaboTkaTa U
WHTEPIIpETAIUATA Ha TE3U JaHHU. T031 MOy € CBBP3aH ¢ MOjiejia Ha peJMeTHaTa 00JIacT Ha 00y4eHHE U
oOyuaBamusT MOy Ha cuctemara. B unnuBuayanaus moaen (¢ur. 20) ce ChabpKaT TPU TUTIA TaHHU.

- [I5pBHAT THIT IPEJICTABSI OIICHKH OTHOCHO €JIEMEHTApHU YMEHUS U THUIIMYHU TPEIIKU Mpu padora
B 00j1acTTa Ha 00yueHue. Te3u oleHKH ce 0000I11aBar B 00I1aTa OlleHKa Ha 00y4yaeMus B o01acrTra.

- BropusT THI moka3Ba HUBOTO Ha YCBOSIBAHE OT oOydaeMus Ha BCska OoT enuuunmre 3Hanue (E3).
3a 00y4aeM ce moaIbprka CIIUChK OT eJIEMEHTH OT BHja: <HoMep Ha E3> : <omenka Ha E3>.

- Tperusat Tun kacae paboTara Ha 00y4aeMus 10 BpeMe Ha 00ydaBaiaTa CecHs: ChIbpxa HOMepa
Ha y4eOHa mporpama, TeKyIla TPyJHOCT Ha BBIIPOCHTE U 33/1a4iTe; HUBOTO MPU OKa3BaHe Ha TIOMOII H JIp.
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Tyx ce BKJIIOYBAT M JaHHM 3a O0y4aeMHs KaTo: IMOJI, Bb3pPACT, KYJITypeH M COIHAIEH CTaTyc (BKIIOYBA
myOnuKanu BbB (hOpyM U Opoil OTroBOpH, TPYHOBO B3aWMOJIEHCTBHE), KAaKTO W HAKOW HHIUBUAYATHU
ocobeHocTH. Ta3u KOMIIOHEHTa € B MpOLEC Ha EKCIEPUMEHTAaTHH H3CIeIBaHUs M 3aTpyJHEHUSTA
MPOM3THYAT OT (paKkTa, Y€ HE € W3BECTHA KOJIMYECTBEHA TEOPHS 32 BPBH3KUTE MEXKIY ICHXOJOTHYECKUTE
XapaKTePUCTUKU Ha 00ydaeMHusl.

OneHkHTE yKa3Balll HUBOTO HAa YCBOSCHOCT MJIM HEYCBOCHOCT HA AaJIeHO 3HAHME WIJIM OLICHKUTE Ha
BBITPOCH, 3a/1a4H WM 3asIBKU Ha 00ydaeMusi, MPeICTABISIBAT PealTH! Juciia B uHTepBaia [-1,1].

KomOunmpaiiku TO31 MOAXOA C MOJAX0/a 32 MOJAbpXKaHe Ha OMOIMOTEeKa OT TPEUIKH, 332 BCEKH OT
MIpeIBapUTENHO Je(PUHUPAHUTE THUIOBE TPEIIKU CE IMOJIBbpPXKAT OposSYHM 3a CiIydauTe, KOraro € Ouio
BB3MOKHO Jia ObJie IoITycHaTa rpemika 1 6post Ha rpemHuTe onuTd. Cliex IpUKIIOYBaHe Ha CHOUTHETO 3a
BCEKH OT TUIIOBETE TPeIKa ce GopMHUpa OlleHKa 1o (hopMyJiaTa:

(12)  Mark_current =1 — Count_error /| Count

Tyk Mark current € MEXIUHHA OILICHKA, KOATO ¢ 4ucio B wuHTepBasa [0,1] ¥ BCBIIHOCT
MIpeICTaBIsIBa MPOIIEHTa HAa OMHUTHUTE OT CTpaHa Ha MOTPEOWTENs, MPU KOWTO HE € AOIMyCHATa Tpelka.
Count e oduusT Opoit orutH, a Count_error € OpPOAT Ha IPEIIHUTE OMUTH. 3a Ja Ce MOJyYyd OKOHUYATEIIHA
otieHka Mark 3a ymenueto B uHTepBaia [-1,1], ce mpecmsra o popmynara:

(13)  Mark=2.Mark current—1.

Bzemaiiku npenBua npeaauTe aBe GopMyn, 3a OIEHKATa MoTydaBame:

(14)  Mark=1-2. Count_error/ Count.

B cnyuas, xoraro obmusar 6poii onutu € 0, Ha omeHKara mpucBosiame croitHocT 0. Cren xaTo e
(dbopmupaHa OIlcHKAa Ha TUIA TPElIKa Clel ChbOMTHETO, TS Ce OTpa3sBa Ha OICHKATa 32 ChOTBETHHUS THII
rpemika B Mojieia Ha motpeburens mo gopmynara:

(15) Mark _new=(1-K).Mark+ K * Ouenka Ha 3ajgauara.

Tyk K e uncio B unTepBana [0,1] u mpencraBisBa BIUSHUETO, KOETO OIIEHKAaTa Ha THIIA TPEIIKa
yKa3Ba BBPXY OIleHKaTa B Mojienia Ha oOydaemus. [Ipecmsra ce mo ¢opmynara:

(16) K=0.5.(Count—1)/ Count

Taka B olleHKaTa 3a BCSKO OT YMEHHSTa C€ ChIbpka WH(OPMAIUs OT NPEIWIIHU 33Ja4d U OT
nocienHara 3a1a4a. OueHkara ce ymHoxkana 1o 0.5, 3a 1a ce orpaHUyU BIUSHHETO Ha CTapara OlleHKa.

[MpecMmsTaHeTo Ha OICHKHUTE OT BTOPHUS THII 32 HUBOTO HA YCBOCHOCT HA OTJEIHUTE CIUHHIU CE
M3BBPINBA KAaTO, 32 BCAKA pelllaBaHa 3a/1avua iU IIOCTaBEeH BBITPOC, OIIEHKaTa ce POMEHs 1o (popmynara:

(17)  Oyenxa nosa = (1 -K) . Oyenxa cmapa + K . Oyenxa_na_npobrema

Ho tyk oyenxa ma npobnema e olieHKaTa Ha BBIIPOCA WIIM 33/1a4ara, 3ajaeHa OT MPEro/IaBaTels.
K e BiamsHUWETO, KOETO OIleHKaTa Ha MpoOiieMa OKa3Ba BBPXY OIEHKATa Ha eJIWHHUIATA 3HAaHUE U Ce
npecmsita o opmMyJiata:

(18) K= Tpyonocm_na_npobnema | Tpyonocm na E3
KOJIKOTO TPYJHOCTTa Ha mpobieMa (BbIpoc/3a1adaTa) € Mo-rojsiMa, TOJIKOBa MO-TOJISIMO BIMSHUE OKa3Ba
BBPXY OIICHKaTa Ha eIMHUIaTa 3HAHUE.

Onenkute ca B uHTepBania [-1,1], koraro omeHkara e mo-61au30 A0 1, To cucTemara € mo-CUrypHa,
4ye 00ydyaeMHUsIT € yCBOWJI BSIpHO JaJieHaTa enuHHIA 3HaHue. KolkoTo oleHkara e mo-0im3o jo -1, To
CUCTEMAaTa € I0-CUTYPHA, Y€ 00yJIaeMUsT € YCBOMJI TPEITHO Ja/ieHaTa eIHuIIa 3HaHne. KoraTo orieHkara e
OIM30 110 HyJIa, CUCTeMaTa He € CHTYpHA B 3HaHWATA Ha oOydaemmus. Taka ce OTUMTaT XapaKTepHU YePTH U
Ha TOAX0Ja ‘“MOJICNIUpaHe C MPUNOKPUBaHE” W Ha TOJXOAa ‘‘MOAeNupaHe ¢ OMOIMOTEKa OT TPEIIKH’,
3aIl[0TO: aKO OICHKATa € MOJOKUTENHA, TS MPEJICTaBs HUBOTO HA 3HAHUATA HAa 00y4JaeMus B CpaBHEHHE ChC
3HaHUSITA Ha EKCTIIePTa, aKO OlIEHKATa € OTPHIIATeNTHA, TSI IPEJCTaBs TPEITHO YCBOSHH 3HAHMSL.

UznonzBat ce Oposiun, ¢ KOUTO ce ciieAn Oposi Ha M3MOI3BAHUTE OOYUUTEITHH PECypCcH M TUIa Ha
MOCETEHUTE WHTEPHET PECypCH, KOUTO B pa3IMYHA KOMOWHAIIMM MOTaT Jia OCHTYPAT pa3IndHO
npejcTaBsHe Ha yueOHuTe MaTepuaini. HQOpMaoHHHUTE pecypecH ce OlEHSIBAT 110 Opoii, BUIOBE U JIp.
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Pa3no3HaBaHe HA eMOIIMOHAJIHO CHCTOSTHHE HA oﬁyqaeMnﬂ B Cpeia 3a € JICKTPOHHO Oﬁy‘leﬂl/le

3a menMTe Ha TMPOBEXKIAHOTO H3CIE/NBaHE B IHCEPTAIMOHHHUS TPYZH € pa3paboTeHO codTyepHO
MPWIOKEHHE 32 pasllo3HaBaHE Ha YOBEIIKM €MOLMH Mo o0pas3a Ha nmuero. Paspabortenust codryep ce
Oasnpa Ha cucTeMaTa 3a komupane Ha aureBoto aeiictBue (FACS) ma Ekman m Friesen [27]. JlumeBust
u3pa3 Ha EeMOLUHUTE Ce OIpeneNs OT BKIIOYEHHUTE MYCKYJIH W JKECTOBETE, KOUTO IO XapaKTepusupar.
ChbIecTByBaT ONpeAeieHH OTIUYUTEIHH MOZAETH Ha €MOIIMOHAIHM peakiuu, 0000IIEH! U CHOACICHHU OT
moBedeTo xopa. Te ce cuurar 3a OCHOBHU emoruu: mactue (Joy), Tera (Sadness), THB (Anger), U3HEHAAA
(Surprise), crpax (Fear) n orBpamenue (Disgust). Ipyru nogqoouu xoaupamy cucremu ca EMFACS, MAX,
AFFEX u CANDIDE-3. Pa3paborenust codTyep 1 MpoBeIeHOTO U3CIIeIBaHE Cca MpeIcTaBeHu B [57].

Memooonozus. 1lbpBara cThIKa € KaTeropusMpaHe Ha 3aJaJeHUTE CHUMKH ChC M300pakeHHs Ha
TuIa, B OTAENHU rpynu (moagupekropun). Te ca cemem Ha Opoif (BkirouBaiiku u Neutral), KaTo BCsSIKa 3a OT
TSX OTroBapsl 3a KOHKPETHA €MOLUS U ChIbp)Ka OKOJIO IMETAECeT MPUMEPHU M300pa)KeHHs, CBbP3aHU ChC
cboTBeTHaTa emonus. CieqBamia cThlKa € U3Mon3BaneTo Ha DI/ib 6ubnnoTekaTta OT aNropuTMH 3a Ch3AaBaHe
Ha codTyep ¢ 00O MpeAHa3HAYeHHE, KOSITO Ce M3MOJ3Ba B MHOTO oOmactu. Upe3 m3monsBaHe Ha (haiima
spape_predictor 68 face landmarks.dat, nuiiata ot u300pakeHUsITa C€ MapKUPaT ChC ChOTBETHU OCHOBHH
Toukd. Ha 0a3aTa Ha MOCTaBEeHUTE TOYKH, B CIIE/IBAIIIATa CTHIIKA CC U3BHPIIBAT MATEMATHYCCKH U3UHCIICHUS,
C TIOMOIITa Ha KOUTO C€ OMpeNeNarT 6 HOpMaJM3HpaHW BEKTOpa Ha BCSAKO JMIe. Bcekn BEKTOp C JIMIEBH
XapaKTepUCTUKN € H3YHMCICH KaTro IaHHUTE C€ HOpMAlM3upaT W ce CchOepaT pa3CTOSHUATA MEXIY
MapkupaHuTe Touku. YUpe3 cpemcrBata Ha framework ,,ML.Net“ ce wummiemMeHTHpa MHOTOKJIACOB
KJacu(UKAOHEH aropuThM, 6azupan Ha ML arent ot tun Supervised Learning.

Crnen oOy4eHHETO Ha MOJIENa, TOH MOXKE Jia pa3no3HaBa €MOIIMOHATHOTO ChCTOSHHE HA TOAaCHO
nzobpaxkenne (CHUMKa) Ha Juie. B pesynrar Ha paborara, mporpamara Bpblia NPEABWKIAHE OTHOCHO
€MOIIMOHATHOTO ChCTOSIHUE. AHAIM3BT Ha PE3yNTaTUTE OT METPHKHTE 32 OIIEHKa Ha TOYHOCTTa Ha MOZesa
MOKa3Ba, Y€ Ha-roJiiMa TOYHOCT HAa MPEIBIKIAHETO C€ MOCTHra MPU EMOIHOHAITHWUTE ChCTOSIHUS Joy,
Surprise u Sadness. CbCTOSIHUETO Anger 4ecTo ce ObpKa OT alropurbMa chC Sadness, Joy nnu Neutral.
AJTOpUTHMBT MOXE Ja 0bJe moAo0peH upe3 o0yueHHe ¢ MHOTO IMO-TOJIIM 00eM TPEHUPOBBYHU AAHHU OT
Pa3IMYHUTE TUTIOBE EMOIIMOHAHHU CheTOosTHYS. Ho TpsiOBa a ce nanon3sa OanaHcupaH HAOOp OT JaHHHU.

ANTepHaTHBEH IMOJXOJ € NMpUiIaraHe Ha anropuThM oT THn Unsupervised Learning, npu KOUTO ce
M3CleBa CTPYKTypaTa Ha JaHHWTe 0e3 yKa3aHus, aHHUTE 3a 0O0y4YeHHE He ca eTUKeTHpaHu. Morat aa ce
u3nomseat Ha Clustering anroputmu wiu Deep Learning. llpunaraiiku pas3iuuHu KIacu(UKaTOPU MOXKE Jia
Ce EKCIEPUMEHTHUPA C TIOyYaBaHUTE PE3YJITATH 3a TOBUIIIABAHE HA TOYHOCTTA, CIIPSIMO PA3JUYHU IPYMU U
Kareropuu naHHu. [lenta e pa3paboTBaHOTO MPHUIOKEHHUE Jla Ce MHTErpUpa KbM cpenia 3a e-Learning u ia ce
TbHPCAT MPOMEHUTEC B C€MOIMOHAJIHUTE CHCTOSAHHA HaA y4dalllUTE CC, AOKATO CC€ CIpaBiAT C KOHUTUBHUTC
3a]a4uM B Ipolieca Ha 00yYEHHeE.

YCTPOﬁCTBO 3a moaAnmoMaraHe Ha HOTpeﬁl/ITeJII/I C YBpPEIACH CIOyX

[IpoexTupano u eKCIepUMEHTAITHO H3CJIEIBAHO € yCTpoicTBO [ 106], KoeTo mpom3Bexaa MIMpoKa
ramMa OT LBETOBE W HHMBAa HAa MHTEH3HUTET, 32 Jla BU3yalM3Upa Pa3jInuHU acCIEeKTH Ha 3ByKa. 3a xopa ¢
YBpEJIEH CIIyX, 3BYKOBaTa BU3yallU3alllsl OCUTYPsIBa MOJO00PEHO ycellane 3a 3a00HMKasIaTa cpeia i uM
M03BOJISIBA 1a MHTEPIPETUPAT U J]a pearupar Ha CiiyxoBa HH()OpPMAIHs B pEaHO BpeMe.

Paspabotenu ca codhTyepHH HHCTPYMEHTH 3a aHa M3 Ha 3ByKOBUTE YECTOTH U MPeoOpa3yBaHETO
UM B choTBeTHHTE 1BeToBe B RGB Mozena. Ch3mazeH € Monen Ha aBTOMAaTH3MpaHa CUCTEMA, KOSTO
peanu3upa mpeoOpa3yBaHe Ha 3BYKOBUTE€ UYECTOTH B LBAT. llocTWrHarata TOYHOCT € OLEHEHa
EKCTIEpUMEHTAITHO. YCTaHOBEHO €, Ye TOYHOCTTa Ha MpeoOpa3yBaHETO 3aBHCH OT YECTOTAaTa Ha 3BYKa.
JlokazaHo e, 4ye IPOLEHTHT Ha TPELIKU € [T0-BUCOK MPH BUCOKU YECTOTH Ha 3ByKoBHTE BBHJIHH (Hag 1000
Hz). PaGora TtpsiOBa na mpoabKM ¢ H3CIEIBaHHA, HACOYEHH KbM O00OOIIaBaHe Ha MOJEIHTE 3a
npeoOpa3yBaHe Ha 3BYKOBHUTE YECTOTH B IIBSIT.
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3.5. KorHuUTHBEH areHT B cpe/ia 32 eJ1eKTPOHHO 00y4YeHue

KorautusausT arent [24] e aBToHOMEH co(Tyep, KOWTO UMa CIIOCOOHOCTTA /1a Pa3BUBA CBOUTE
3HaHus. Karo ce mma npeaBuj pa3nuyHaTa CTENEeH Ha WHTEIUICHTHOCT, KOTHUTUBHUTE areHTH MOraT Ja
ObJaT peamu3upaHy Ha 0a3ara Ha TpaBUIIa, KOMUTO PAa3BHBAT 3HAHUATA CH C MOMOIITA HA BrPajJICHU B
cucTeMara MeXaHW3MH 3a W3BOJ WIM M3BIMYAT HOBU 3HAHUS C MOMOINTA HA TEXHUKW HA MAIIMHHO
oOydenue u Data Mining TeXHUKH.

OOmara pamMka Ha apXWTEKTypara, Ha W3rpakJaHaTa 3a TOBa U3CIICABAaHE CUCTeMa, Oa3upaHa Ha
npasuina - Rule Based Systems BknrouBa koMnoHeHTHTe [89]:

0 baza om 3nanus (MHOXECTBO OT ITPABMIIA) - ChIIbPKA BCHUKHU 3HAHUS HEOOXOIUMHU Ha arcHTa.

o baza om dannu: ceappKa TaHHUTE, KOUTO Ca YCTAHOBEHU KbM TEKYIIUS MOMEHT.

0 Mawunama 3a u3ze00 (Inference Engine) - UHTEpIPETaTOPHT M30Mpa W MpHUiIara mpaBHiaTa,
KOUTO MOTaT Jia JOBEJaT O MPOMSHA Ha ChCTOSHHETO Ha 0a3ara oT jJaHHW. ChIIECTBYBAT pa3indHU
MIO/IXOJU: CBBbP3BaHE Halpes, CBbp3BaHe Ha3a U CMeceHH moaxoau [89].

o bazama om mema-3nanua - MeTa-TIpaBWIIA, 3aJaBallld Bph3KaTa MEXIy MpaBmiata [24].
Hauunusbt, no xoiiTo ce m30upaT npaBuiaTa 0T MHOKECTBOTO Ha MPUJIOKUMHUTE TPaBHiIa € CTpaTerusrTa 3a
pemaBane Ha koHGUKTH (Conflict Resolution). B cny4as ce npuiiarat NpuOpPUTETH Ha MpaBHIIaTa, KOUTO
ca AMHAMWYHY. JIMHAMUYHHUTE MPUOPUTETH CE OMPEIENAT Bh3 OCHOBA HAa BAXKHOCTTA HA JICHCTBUATA B
HacTosmaTa curyanus. Hampumep: ako oyenxama Ha oOyuaemus e 6ucoxkda, TO ce 3ajaBa HHCBK
MPUOPUTET Ha MPAaBUJIOTO 32 THPCCHE HA CJIe[BAlla 33Ja4a 3a periaBaHe. Toraa 00y4aeMusT 1€ ThPCH
clie/iBallia 3ajlaua 3a peliaBaHe camo, ako HsAMa JPYTH JeHHOCTH 3a u3mbliHeHue. Ho ako e c¢be craba
oyeHKa, TIPAaBUJIOTO 3a pelllaBaHe Ha CJIEABAIIa 3a/1ada TpAOBa Ja WMa BHCOK mpuoputeT. OOyyaeMust
TpsiOBa Ja peliaBa ciejBania 3aaa4a, 3a Ja MOBUIIIN OI[CHKATa CH.

Ot npyra ctpana o0ydeHHUETO ¢ yTBbpxkAcHUE (Reinforcement Learning) ctara Bce MO-TIOMYJISIPEH
TUI MAIIMHHO oOydeHue. ToBa € TEeXHHKA, MPH KOSTO aBTOHOMHHUTE areHTH W3IMOJ3BaT alrOPUTMHUTE 32
npoda-rpenika U QyHKIHS 32 KyMyJaTHBHO HarpaxjaaBaHe Ha o0ydeHueto. [IpenMCTBOTO ce ChCTOU B
KaJIKYJIUPaHETO Ha OITUMAJIHU HCﬁCTBHH, KOUTO arcHTUTC MOrat Aa MNpcArnpueMar B PAMKHUTC Ha
CIICHAapuH, OOYCIOBEHH OT cpeiara. TakbB MOMXOJA € KOPCHHO Pa3iiMueH OT HAuWHA Ha JCHCTBHE MPU
KOHTPOJIMPAHO OOyYeHHWe, KhIETO IIeNTa € HaMalsiBaHe Ha OTKIOHEHHETO ChOOpa3HO IMpeBAPUTETHO
3ajaieHy TpaBWIHK JaHHH (Bxoa/m3xon). OOydeHHE MpOTHYa KaTo MOCIEJOBATEITHOCT OT IMPOOHH
JICHCTBUS, KOWTO TOCTENIEHHO BOJST JO YTBBPKAaBaHE Ha JOOpUTEe JACUCTBHS W U30sSTrBaHe Ha
HEMOJXOAIUTE. Pe3ynTaThT OT 00YYEHHUETO € ONTUMAJIHA CTPATerys 3a JICHCTBUE BbB BCSIKA CUTYaIUs.
Crparerusita € OnTUMallHa, aKO YCIIABa J1a MaKCHMH3Wpa CyMaTa OT BCHYKH Harpajy, MOJY4YeHH II0
BpeMe Ha U3IBIHEHUETO CH.

®dopmaiiHo 00yueHueTo upe3 Reinforcement Learning ce pasriexnaa karo [54]:
e  MHOXeCTBO S, BKIIFOUBAIIO BCUYKH ChCTOSHUS HA OOKPHKEHUETO, KOUTO areHTHT Pa3O3HaBa.
e MHOXecTBO A, BKJIIOYBAIIO BCHUKHU JICHCTBHUS, KOUTO areHTHT MOXKE J1a U3BBHPIIIH.
o MHO0KeCTBO OT IIpaBuJia 3a MPEXOoa MEKAY CbCTOAHUATA.
o [IpaBuna, kouro onpenendr R - HarpaauTe, KOSITO areHTHT MOXE Ja MOJIyYd IIPU IPEXOUTE.
e [IpaBuna, KOUTO OMKCBAT KAKBO CIIa3Ba arcHTa.

KonkperHa 3agaua B AuCEpTAIlMOHHUS TPYJ € Jla CE aHaJKM3Mpa U CPaBHHU MOBEJICHUETO Ha JIBa
areHTa, peajnu3vpaHu Ha Oa3zaTa Ha JBara pa3lMYHU MOAX0Ja, Oa3MpaHW HAa MAIIMHHO OOyuYeHHE.
PesynrartuTe OT IpOBEACHOTO U3CIIEIBAHE U pa3pabOTEHHAT 3a LeaTa copTyep ca mpeactaBeHu B [58]. 3a
LEeJINTe Ha aHajlu3a € Ch3JajJeHa Mrpa, KOsITO MIpeaocTaBs IuiaTdopMma U reHepupa x Opoir 6oMOM u
MOHETH BBPXY Hed. Urpara cwp3gaBa OBa areHTa, NpEeACTaBEHM KaTO JABE Pa3IUYHU TONKH Ha
iargpopmara — 4epBeHa U cuHs. [natdopmara HsIMa Orpa)Ialid CTeHH, KOETO O3Ha4YaBa, Y€ TOIKUTE
(arenTuTe) Morar Aa magHaT. AKO areHT NajaHe, TOM ryou urparta. Bcexu areHT Moske 1a cbOupa MOHETH,
KaTro BCSKa MOHETa HOCH Ha areHTa Touyka. AKO areHT JOKOCHe Oomba, Toil ry6m Touka. Mrpara
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MPUKITIOYBA, KOTaTO MOHETHTE CBBPINAT WJIM KOTAaTO areHT MajHe OT IutaTtdopmara. ATEHTHT C MOBEYE
TOYKHM IMeYeNy urpara. EIUH areHTt, MpeacTaBeH ChC CHHS TONMKA B WUTpara, MoJIbpia MOBEJACHUE Bb3
OCHOBa Ha CHCTEMa OT IpaBuJia, Ch3JaJeHH OT MporpaMIcTa U BrpaJeHu B 0azaTa 3HaHUS HA CHCTEMara.
B To3m ciywaii mpu m3rpakJaHeTO Ha Wrpara ce mpwiara moaxoneT Rule-Based System. Ot npyra
CTpaHa, arcHT, NpEACTaBeH C YepBEHa TOINKa, Ce peaju3hpa Bb3 OCHOBA HAa MOAXOAA 332 MAIIUHHO
oOyuenue c Reinforcement Learning. IIpu Hero n3KyCTBEHUST HHTEJICKT HAay4aBa caM Koe € Hal-100poTo
JICiCTBUE BHB BCSIKA CUTYAIUS M C BPEMETO ONTUMU3UPA PEIICHHUATa, KOUTO B3eMa.

Pasrnenanu ca pasiuMkuTe B TMOBEACHHETO HA CH3JQJICHUTE PEIICHUS upe3 u30paHUTe ABa
nojxona. XWIoTe3arta €, 4e areHThT, pealn3upan ¢ MallmHHO oOydyeHue upe3 Reinforcement Learning
[54] we uma mo-pa3HOOOpa3HO TMOBEIACHHE W CleJ JAOCTaThbYHO BpeMme 3a oOyueHue e paboTH mo-
e(EeKTHBHO OT areHTa, pealn3upaH KaTo cucTeMa, ba3upaHa Ha IpaBUIIa.

Red ML-Agent: 0 e I .
Blue RBS: 0 ~ I
*
I
. : :
) *
.

I E—
Ourypa 21. Usrnen Ha pazpaboteHus copryep

IloBedye excnepuMeHTH M pa3OMpaHe Ha THINA MAIIMHHO oOydeHue Reinforcement Learning,
JOIPHHACAT 3a Pa3lIMpsBaHe Ha 00XBaTa Ha M3IOJI3BAHETO MY B CbBPEMEHHHTE cpelu 3a oO0yuenue. Ot
Jpyra CTpaHa ajTepHATHBaTa Ha CHCTEMHUTe, Oa3UpaHHM Ha MpaBWiIa € MOJXOX JO0Ka3al BbB BPEMETO
CBOWTE TPEeNUMCTBAa M €(PEeKTUBHOCT 3a OBp30 IMOCTUTaHE Ha MocTtaBeHWTEe Ienu. [IpoexTsrT [58] e
ch37alieH ¢ oMolnra Ha miathopmara Unity, 3aeqHo ¢ naket Ha Unity Technology 3a pa3paboTBaHe Ha
areHTd 3a MamuHHO oOydeHme ML-Agents. To3m makeT mpenocTaBs CIEHApHUH 3a OOy4YeHHe U
BanuaupaHe. Bcekn areHT uMa Ha0Op OT ChCTOSHUS M HAOJIIONEHHS, MOXeE Ja MpeArnpreMa IeHCTBUS B
cpezara U Ja IoJIy4aBa Harpajiu.

e Memooonoeus na uscreosarnemo.

[TepBusit arentr c Reinforcement Learning, € cb3lajeH d4pe3 HacleAsBaHe OT Kiac Agent.
[Ipenedunupa ce metonsT OnkEpisodeBegin, B KOWTO ce 3aJjaBaT IbPBOHAYATHUTE NapaMeTPH 3a Urpara
(moHetn u 6oMOu M TexHute no3uuum). llpenepunupane 6a merona CollectObservations, ocurypsisa
npeaBaHe Ha TeKylla MH(opMalys 3a mocokara KbM Hai-Onuskata MoHeTa. OnActionReceived meron
3aJjaBa pa3pelicHUTe JBWKEHUS Ha areHTa. Korato areHT JoKOocHe 00EKT, JIEHCTBHETO ce 3achya U ce
n3BukBa pyHkuusaTa "OnTrigger", KOATO TIO3BOJISBA JIa C€ BUIIU C KO OOEKT areHTHT € BISI3bJ B KOHTAKT.

Bropusar arent, 6azupaH Ha cucTemMa OT MpaBWia, € HWMIUIEMEHTHUpaH upe3 RBS kmaca u
JeHOCTTa Ha areHTa ce 3a/aBa OT peaM3UpaHUTe METOAU B Kilaca. B 3aBUCHMOCT OT cLiEHapHHTE ce
mpujarat npasuiara: ,,AK0 IMa MOHETH Ha Iutatdopmara, OTHIIU Ja B3eMenl Hai-Onm3kara“; ,,Axo RBS
areHTa uMa IMoBe4e MOHETH OT JIPYTHUs areHT, ToW He TpsiOBa Ja ce cTpaxysa oT OoMOuTe, 32 Ja 3aBbPIIH
urpara no-Obp30 M Aa HE MO3BOJM HAa NPOTHUBHMKA Ja chOepe IMoBedYe MOHETH. V3MbIHEHHETO Ha
IpaBHiIaTa ce OCHOBABA HA MOJX0/a CBbp3BaHe Hanpen (forward chaining).

U3BO/: Reinforcement Learning areHThT NMOCTENIEHHO Hay4yaBa KOe € Hail-moOpoTo AeicTBHE
BBB BCSIKa JaJieHa CUTYallUsl U C BPEMETO ONTHUMH3UpPA PEUICHHATa, KOUTO B3eMa. T0il MbpBOHAYAIHO
paboTu HeeeKTHBHO, HO C TCUEHHE HA BPEMETO Ie ONTHMHU3Upa JieiicTBusTa cu. OT Apyra cTpaHa, npu
yCJIOBHUE, Y€ Ca Ch3IaACHU JOCTaThbuHO A00pH npaBuia, Rule-Based System e mporpamna 3ajada, KOSITO
MOJXKE€ JIa TIOJUTbp)Ka MHOTO CIIO)KHO TOBe/ieHHe. VMIHTepecHa TEeHAEHIMS B MO-CIOKHUTE MPUIOKEHUS €
CHBMECTHO IpWJIaraHe Ha oOydeHHe ¢ YTBBP)KICHUE C KOHTPOJIMPAHO U HEKOHTPOJIMPAHO 0OydeHHe, aKko
U3IOJ3BAaHUTE CAMOCTOSITEIHO METOAM HE JaBat I0CTaThYHO TOOBP pe3yJTar.
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3.6. Moaenu 3a iiepapXu4HO MHOTOKOMIIOHEHTHO OlleHSIBaHe Ha 00y4aeMu

IIpencraBenu ca Hosu modenu 3a FiepapXMIHO MHOTOKOMITOHEHTHO OIICHSIBaHE Ha 00y4aeMuTe,
KOUTO MMAT 32 I1eJ1 KOMIJICKCHO OICHSIBAaHE HA Pa3jIMYyHU MHUCIOBHH YMEHHS OT BUCOK U HUCHK TOPSIIBK,
TEOPETUYHU 3HAHUS U MIPAKTHIECKHA YMEHUS, U Jp.

Takconomusita Ha biym [13] nedmuupa fiepapxus Ha MUCIOBHUTE YMEHUS, B KOSTO MTO-BUCOKUTE
HMBa Ha MUCJICHEC BKJIIOYBAT BCHUYKH TIO3HABATCIHHM YMCHHsI OT TMO-JOJHUTe HHUBA. HwuBara ca
CTpYKTypHpaHu KaTto: Knowledge (3nanus), Comprehension (Pa3zdupane), Application (Ilpunoxenue),
Analysis (Anamus), Synthesis (Cunre3) u FEvaluation (OuensBane). Bcsko HHMBO ce ompenens OT
MHO’KECTBO KOTHUTHBHH YMEHUS, JEHHOCTH M METOAM 3a olleHKa. CuuTa ce, 4e B mpoiieca Ha oO0ydeHue,
o0y4JaeMusT IMpeMHUHaBa I[OCIECIOBATEIIHO Mpe3 BCHYKM HUBA. EnnHa oOmonpuera kiacu(UKamus
OIIpesielisl yMEHUsITa OT TOPHUTE TpH HUBa Ha birym (Analysis, Synthesis u Evaluation) karo higher-order
thinking skils (HOTS), a Te3u ot goxaute Tpu HUBa (Knowledge, Comprehension u Application) — xaTto
lower-order thinking skils (LOTS). HOTS BkmtouBa cOCOOHOCTH 32 KPUTUYHO MHCICHE, YMEHUS 3a
TpaHcdep Ha 3HAHWS U YMEHHS, yMEHUS 3a pemaBaHe Ha mpooiemu, u np. [ 15]. Ouenkara Ha cTyIeHTHTE
TpsiOBa J1a € 0OEKTHUBHA, @ B MHOTO CJIy4ad € TPYAHO, 0COOEHO KoraTo ce oTHacs 3a oueHsBane Ha HOTS,
KOUTO H3WCKBAaT KPEaTWBHO MHCJIEHE. ToBa MOTHBHpa pa0dOTa B HAacOKa Cbh3laBaHe Ha KOMIUIEKCHH
MHOTOKOMITOHEHTHH MOJIENN 32 OLIEHSABaHE Ha CTYJEHTCKUTE MOCTKEeHHS [36].

[Mpeanara ce modenupane Ha iliepapxuunama Opzanu3auUA HA OUECHBLUYHUME KOMNOHEHMU U
3agucumocmume HOMeHcOy UM, KOUMO OUCHUMENAmM 5A6HO WU HEABHO U3NON364 NPU OUECHAGAHE.
Hanpumep, npyu MHOXXECTBO JUCUUIUIMHHA, OCHOBHU OLICHBYHU KOMIIOHEHTH Ca ,,[IPAKTUKA™ U ,,TEOPUs‘, a
B W3IOJI3BAHUTE TCPMUHHUTE TYK: thinking skills, chOTBETHU TEXHHM TOJ-KOMIIOHCHTH MoraT Jga ObaaT
teopernunr U npaktrdecku LOTS u HOTS. Ot mpyra crpana ako n3bepeM 3a OCHOBHH KOMITOHEHTH
HOTS u LOTS, Te Ouxa MoriM Ja MMaT IOJ-KOMIIOHEHTH 3a OIICHSIBAaHE Ha TEOPETHUYHU 3HAHUS U
mpakThHdeckd ymeHus. Ch3aBaHEeTO Ha KOHKpPETHA iiepapXusi OT KOMIOHEHTH U MOJAKOMIIOHEHTH MOXKeE
na Ob/ie U3BBPIIESHO C TIOMOIITAa HA NMPEIBAPUTEIHO CTAaHAAPTU3IUPAHN MOJENH, H30paHu OT OICHHUTEIS.
[Ipu nocTaTh4HO BXOJHO-M3XOTHH 00pasiy u e(QeKTUBHO OOydeHHE Ha HEBPOHHA MPEXKa, MONTyUYECHHUTE
pe3yITaTH MOTAT J1a OTPa3sBaT Ta3W WepapXudHa OpraHu3allvs, JOpH 0e3 TS /1a € yKazaHa SBHO.

Level m ‘Vmaj e Vm km
L I

durypa 22. a) Moden I: Wepapxuuna mspBoBHIHA ®durypa 22. 6) Moden 2: Hepapxmuma rpadosa
opraHusanus Ha OUCHBbYHUTE KOMIIOHCHTHU opraHusanus Ha OUCHBYHUTE KOMIIOHCHTHU
Ha ¢ur. 22 a) e npencraBen o6y Moden 1 na iiepapxuuna OvpeosUOHA OP2AHU3AUUA HA
OyeHvYHUmMe KOMHOHEeHmuU, TIPU KOWTO BCEKH OCHOBEH KOMIIOHEHT, B YaCTHOCT M KpaiiHaTra OIICHKa,
3aBHCH OT MHOKECTBO IMO-KOMIIOHEHTH Ha IPEIXO0AHOTO HUBO. [Ipu TOBa, BCEKH IMOJI-KOMIIOHEHT BIIHSIC
caMo BBPXY €JMH KOMIIOHEHT OT IO-BUCOKO HHBO.
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Mooen 2 na tiepapxuuna zpagpoea opeanuszauus Ha oueHvurHume xKomnonenmu (pur. 22 0),
pasmmpsiBa U 00001IaBa Bb3MOXKHOCTUTE HAa Mojen 1, ¢ Bb3MOXHOCTTa €IMH KOMITOHEHT Jia BIUSIC HA
MHOKECTBO KOMITOHEHTH OT IMPOM3BOJHYU HUBA U JIa 3aBUCH OT KOMIIOHEHTH Ha Pa3IMYHU O-HUCKH HUBA.

[IpencraBenuTe MONENM MOTaT Ja C€ W3MOJ3BAaT NMPH MHOXKECTBO Pa3IMYHU IMOIXOAU 32
OIICHSIBaHE, ITPH KOUTO KpaiiHaTa OIICHKATa ¢ (PYHKIMS Ha MHOXKECTBO OLECHBYHU KOMIOHEHTH. OCHOBHU
XapaKTePUCTUKHU Ha MPEII0KEHUTE MOACIIHUTE ca:

- HuBo 1 Ha KOMIIOHEHTHaTa WepapXusg ONHCBA KOHKPETHH CTOMHOCTH OT IPOBEIACHH
OLICHSBAHMUS, KOUTO MOTaT Ja ObJaT ¢ Pa3iUYHU OLUCHBYHHU CKanu. [Ipumepu 3a TakuBa CTOHHOCTH ca:
TOYKHU OT TECTOBE 32 TEOPHS U MPAKTHUKA; TOYKH OT TECTOBE 32 YMEHUS, OIICHKU OT 3aJIa4H, TIPOCKTH H JIp.

- Ha Bcsiko crienaiino HMBO, KOMITOHEHTUTE (POpMHpPAT OIICHKA, KOSATO € (DYHKIIHMS HA OLIECHKUTE Ha
MOTYMHEHUTE MY TIOJI-KOMIIOHEHTH OT TPEXO0JHOTO HUBO. B 4acTHOCT, BCHUKU MJIM YacT OT (PYyHKIIMUTE
Morar Jia ObJaT C pa3MHTaTAa JOTHKA.

- Ha mocnenno HUBO MMa eIMH KOMITOHEHT, T.e. K m=1, HO He € 3aab/DKuTeNnHO. Bh3MoXKHO € aa
MMa HSKOJIKO KpailH! OLICHKH, HAlp. 33 Pa3IYHU OIICHIBAHN KOTHUTUBHY ymeHus. [1pu ToBa k m>1.

Bb3MmoxkeH BapuaHT 3a (YHKIMM Ha HUBO 2 € HOPMHPAHETO Ha BCHUYKH CTOWHOCTH Ha
KOMITOHCHTUTE OT HHUBO 1 0 eqHa oOIia cuctema 3a oleHsIBaHe (Hampumep oT 2 10 6). AHAJIOTUYHO,
(YHKIMUTE Ha BCSKO CIEABANIO HUBO OMXa MOITHM Jia 3ama3BaT HOPMHPAHOCTTA HA POJUTEICKUTE
KOMIIOHEHTUTE B ChOTBETHATA CKaJjla 3a OLICHSIBAHE.

OOWKHOBEHO, ONICHBYHHUTE MOJ-KOMIOHCHTH MMAaT CTOWHOCTH B TMPOCTPAHCTBOTO HA PEATHUTE
nosnoxkuTenny urcaa RT. [Ipu pasnuuHm noaxomu 3a OlEeHsABaHe, CTOWHOCTUTE MOTaT 1a ObJaT U B IPYTH
MPOCTPAHCTBA Ha pEAIHW, KOMIUIEKCHM WM Jpyrd uucina. KpaitHata onenka E  3aqbIDKUTEITHO
MPUHAAJICKU HA MPOCTPAHCTBO OT MPEABAPUTETHO ONpPENEICHN BH3MOXXHH CTOMHOCTH — HampuMep Ts
TpsiOBa Ja € ISUI0 YMCII0 B MHTEpBaia ot 2 710 6, ot 1 1o 5, ot A 1o F, u ap.

[Mpu dopmannoTo Matemaruuecko omnmcanue Ha Model 1 u Model 2, Bcsixo HUBO C HOMeEDp i
nputexana k; Ha Opoll KOMIIOHEHTH, OIPEACIISIIN MHOXKECTBOTO:

(19) Vi = (i1, vig s Vig,) ER* Lk ENi=1,..,m

KomnonenTure Ha HUBO 1 ca KOHKPETHM CTOWHOCTH, TMOJYYCHHM NpH OllcHsBaHe. Ha Bcsko
CJICIBAIO HUBO i = 2...1M CTOMHOCTUTE CE MOJy4yaBaT B PE3yJTAT Ha MPUIAraHEeTO Ha (QYHKIIMH BBPXY
KOMIIOHEHTUTE OT MPEIXOAHOTO HHBO. B Moden 1 OposT Ha KOMIIOHCHTUTE B JaJICHO HUBO HaMmallsiBa
WJIM CE 3ara3Ba paBeH Ha OpOs Ha KOMIIOHEHTUTE B IIPEIXOAHOTO HUBO kg < ko_4,S = 2,...,M, KOETO €
CJIC/ICTBUE HA O0CIMHSIBAHETO HA MOI-KOMIIOHEHTHTE B KOMIIOHEHTH. BposT Ha 06o0maBanure GyHKIUN
W ChOTBETHO Ha KOMIIOHEHTHTE, MOKE JIa HApacTBa B olpe/esicHn HiBa pu Moden 2.

Cmoininocmume na Komnonenmume, cinen HUBO 1, npu Mooden 1 ce uzuucnaeam kamo
@ynKuua BopXy CTOHHOCTH Ha KOMIIOHEHTHTE OT MPEKUTE POTUTEIICKH HUBA:

(20) Ui,j = ﬁ,j(P'—l,j)’ P'—l,j = (vi—l,sl' vi—l,Sz' ey vi—l,Sj) c Vi_l,
Vi= 2,...,m, ] = 1, ...,ki, Sj < ki—l n
KOMIIOHCHTHUTC Ha Vi_lce cpemar caMo BEIHDBK B HAKOC P'_Lj.

I[Ipu Mooden 2, napamerpu Ha (YHKIIMUTE HA NaJeHO HWUBO, MOTaT Ja OBJAT MPOWU3BOJHU
OLIEHBYHH KOMIIOHEHTH OT BCUYKH MPEAXOIHN HUBA, KaTO MPH TOBA OTHAAAT MHOXECTBO OTPaHUYEHUS:

QD) v=f;@,Q <UL, vi=2...mj=1...k;.

ExcnepumenT ¢ u3noassane Ha fuzzy logic npy ilepapXn4H0 MHOTOKOMIIOHEHTHO OLICHSIBAHe
B npoBenenust excriepuMeHT no aucuumuiHara ,JlIporpamupane B MHTepHET, upe3 ueTupu
W3MHATHU KOMIIOHEHTA, OLEHSIBAaME TEOPETUYHU 3HAHUS U IPAKTHUUECKN YMEHUS 3a IPOTrpaMUpaHe:
o tLOTS — reopernunu LOTS, ouensar ce upes Touku B uaTepBai [0, 30];
e pLOTS — mpaktuuecku LOTS, onenkara € msu1o 4ncio B uatepsana [0, 15];
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e tHOTS — teopernunu HOTS, onenkara e o yucno B uaTepBana [0, 15];
e pHOTS — npaktugeckn HOTS, omenkara e peaiHo 9nuciio B MHTEpBania [2, 6].

Onenkara pHOTS ce dopmupa or mpakTudecka 3aqada U ¢ B uHTepBana [2, 6]. Toukure Ha
OCTaHAINTE ONEHBbYHN KOMIIOHEHTH ce (hOpMHpaT MpH pellaBaHe Ha TeCT B XapTHEH WM eeKTPOHEH
BapuanTt. Kpaiinara onenka finalN e msuto ymcio B ckanara 3a ouensisane [2, 6], T.e. finalN € [2,6] c N.
Bazupaiiku ce Ha Mooden 1 na iliepapxuuna OwvPEOGUOHA OPZAHU3AUUA HA KOMHOHEHmMUmMe 34
oyensaeane, neuHUPAME 06a OCHOGHU 6BIMONCHU GAPUAHMA 3A (Qopmanuzupane Jnozukama Ha
oyeHumensa 3a olueHsBaHe mo aucruiumHata (dur. 23). [Ipm HEeoOXommuMmocT, upe3 medHUHHpaHE Ha
JOIBITHUTENHN BPB3KH/3aBUCIMOCTH MEXKAY KOMIIOHEHTH HAa Pa3MYHH HUBA, MOXE Ja MPEMUHEM KbM
Mooen 2. B mpakTUKata MpH pa3IUdHA CUTyaIldMl MoraT Ja ObJaT Ch3AaJeHH U eKCIepUMEHTHPAHU H
JpyTH BapuaHTH. BayKHOTO NpW BCHYKM CIy4yad €, a ce ONpeAein HepapXusiTa OT KOMIIOHEHTH H BPB3KH
MEX/Iy TSIX, KAKTO U MHOKECTBOTO OT CHOTBETHHUTE UM arperupaiu (QyHKIUH, 32 JaJIeHOTO OLIEHSBaHE.

OcHOBHH KOMITOHEHTH, (popmupamin KpaiiHaTa oueHka npu Bapuamm 1 3a meopemuko-
NPaAKmMu4ecKomo iepapxuitHo MHOZOKOMHOHEHMHO OyeHAGaHe ca meopusa U npakmuka (dur. 23 a).
[lon-kOMIIOHEHTH Ha TEOpHUATA Ca HOpMAIu3Upanume opmu Ha TbpBUYHUTE KoMmroHeHTH tLOTS un
tHOTS, a Ha npaktukara — HopMaiausupanute popmu Ha pLOTS v pHOTS. 1lenta Ha HOpMATU3UPAHUTE
(hopMH € CBeXKJIAHETO HAa MbPBUYHUTE KOMITIOHGHTH JI0 €IHAKBA CKaJjla 3a OlleHsIBaHe (B ciiy4as oT 2 10 6),
Taka 4e fja ObaaT IpeCTaBeH! A0 MO-OJU3KH 32 OIIEHUTEINS MUCIIOBHU PAMKH 32 OLIEHSABAHETO.

Ot gapyra crpana, npu Bapuanm 2 3a HOTS-LOTS iiepapxuuno mMHO20KOMROHEHHIHO
oyenseane (ur. 23 0), 3a ocHoBHU KoMmtoHeHTH ca nipueTd HOTS u LOTS, a Texan moa-KOMIIOHEHTH
ca ChOTBETHO HOpManu3upaHuTe (opMu Ha npakTuueckute W teopetunu HOTS, u mpakTudeckure u
teoperuunu LOTS.

OGurypa 23.a) Bapuanm 1. Teopertuko-mpaktudecko  Durypa 23,0) Bapuanm 2: HOTS-LOTS iiepapxudao
HiepapXHYHO MHOTOKOMITIOHEHTHO OlleHsBaHe 3a Moden 1 MHOTOKOMITOHEHTHO OlIcH:sBaHe 3a Moden 1

W B nBata MojeIUpaHU BapHaHTa HAa IbPBO (DYHKI[MOHAIIHO HUBO Ca HOpMaau3upaHu (Gopmu Ha
OCHOBHUTE OIIEHPYHU KOMIIOHEHTH. KOHKpeTHHTE HOpManm3upaimy (YHKIUM MOrar Jia CieBaT
Aubepanen VI cmpoz noo0xood 3a ONCHSBaHE, WIH TAXHA MOJAW(UKAIUS, B 3aBHCUMOCT OT OICHHTEIIS.
[Ipu rubepannua nooxoed, TOUKUTE OT IBPBUYHUTE KOMIIOHEHTH CE€ CBEXJIAT A0 UHTEpBana [2, 6]:

(22.1) ItLOTS|| = 2 + 4 “:0”
(22.2) ItHOTS|| = 2 + 4295

15
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(22.3) IpLOTS|| = 2 + 4’“105”

(22.4) \pHOTS|| = pHOTS.

[Tpu cmpozuam nooxoo 3a oyensasane, TOUKUTE IHPBOHAYAIHO ce M300pa3sBar B uHTepBana [0,
6]. Onenkn mox 2,5 ce 3akpwriaar Ha 2. CHOTBETHO, (PYHKIHMWTE HA MPHHAUICKHOCT (membership

functions) 3a KOMIIOHEHTHUTE OT BTOPO HUBO Ca!
tLOTS

2, 6°2< 25
(23.1.1) ItLOTS|| = p1oTs 8o 5
2321 HOTS 2 65 <25
(23.2.1) It Il = 6%, 61&111?52 9
. 2, 6“10;5 <25
(23.3.1) IpLOTS|| = poSTS’ 6posTSZ 2t

(23.4) lpHOTS|| = pHOTS.

[Ipencrasenu ¢ IF-THEN noruka, popMyiuTe U3rIIexKAaT MO CICTHIS HAYMH:

tLOTS
30

(23.1.2) |tLOTS||: IF 6 < 2.5 THEN |[tLOTS|| IS 2

tLOTS
ELSE ||tLOTSI| IS 6 — -~

(23.2.2) ItHOTS|: IF 6 2= < 2.5 THEN |[tHOTS]| IS 2
tHOTS
ELSE ||tHOTS|| 1S 6 —
(23.3.2) lpLOTS||: IF 6“1‘;” < 2.5THEN |[pLOTS|| IS 2
pLOTS
ELSE |[pLOTSI| IS 6—

CpeHO-apUTMETHYHUTE CTOHHOCTH OT IOJ-KOMIIOHEHTHTE HE BHHATU Ca YAAa4HO pEIICHHE U
3aTOBa Ce€ CTUTA JI0 CyOeKTHBHA MpeleHKa OT omeHuTens. FiMa MHOXKECTBO crieUpHYHH CITydau, KOUTO €
HeoOxoanumo fa ce (opmanus3upart, 3a Ja ce OIHIIE JOrMKaTa Ha oleHuTens. Hakon oT m3nons3BaHUTE
IIPY HAILLETO OLICHSBAHE PA3CHKICHHSA 32 IIOCTABSHE OLICHKA Ha KOMIIOHEHTA HPAKMUKA C2A CIICIHUTE:

e Axo pHOTS mmu pLOTS e 2, oieHKaTa Ha KOMIIOHEHT NIPAKTHKa € Hail-MHOTO0 3, JOpH U APYTHUs
NOJ-KOMIIOHEHT /1a UMa OLIEHKa 6.

e Axo onenkara pHOTS e Bucoka, a pLOTS — Hucka, TO BB3HMKBAaT CbMHEHHS 3a HEYECTHU
NPOsIBM Ha CTyJEHTa NpU pellaBaHETO Ha 3agayara, ¢opmupama ouenkara pHOTS. Torasa,
MOCTaBsSIME OlleHKaTa Ja ObJe MO-HUCKa OT CpedHO-apuTMeTHYHaTa cTtoifHocT. ToBa ce cimyuBa
Hak-uecto, korato pHOTS e 61130 10 6, a pLOTS — 5o 3.

e Axo pLOTS e Bucoka, a pHOTS — HuCka, TO MOKa3aHUTE HA TeCTa 3HAHUSA TapaHTHpAT, 4ye
CTy/ICHTa UMa Heo0XoIMMaTa OCHOBa 3a OBbJICIIO pa3BUTHE 0 AUCHUIUINHATA. BhIpeku, ue He ce
€ TpeAcTaBmi J00pe MpH pelIaBaHeTO Ha 3ajavara, TO 3aciy’kaBa CTHMYJ B PasyMHH TPaHMIIM.
Te Tpsi6Ba na ca mpenBapuTeaHO HOpMANTU3UPAHN C TOUYHH YUCIOBH CTOMHOCTH U TIpaBUJIa.

ITomoOHM, pa3chkaeHUS ca BAIHIHU U 32 TCOPETHYHHUTE 3HaHHS. [Ipu TOBa, BUCOKHTE OICHKHU
tHOTS e mobpe ma ce Toepupart J0py U IpH YaCTUYHATA JITICA HAa TeopeTudHH 3HaHusg tLOTS.

W3nomsBanure B CKCIICpUMCHTA IpaBuJia 3a IMMOCTAaBAHC HA OLICHKA Ha NPAKTUKa U TCOpUs IIPpHU
Bapuaum 1 3a meopemuKo-npaKkmu4ecKkomo ﬁePHPXMQHO MHO2OKOMNOHEHNHO OUeHABAHeE Ca:
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(24.1) (practice(||pLOTS]||, ||[pHOTS]||):

lpHOTS|| + llpLOTS]| .
IF > < 2.5THEN practice IS 2

ELSE IF ||[pLOTS|| = 2 OR ||pHOTS|| = 2 THEN practice IS 3
ELSE IF (||pHOTS|| — |lpLOTS||)

2

. lpHOTS|| + |[pLOTS||
= 2THEN practice IS - 0.5

HOTS]|| + ||pLOTS
ELSE practice IS <|Ip I+ llp ”)

2

(24.2) theory(||tLOTS||, ||tHOTS||):

[[tHOTS|| + |[tLOTS]||
IF > < 2.5THEN theory IS 2

ELSE IF (||tHOTS|| — |I1tLOTS|])

2

|[tHOTS|| + ||tLOTS]||
> 2THEN theory IS +0.3

[tHOTS|| + ||tLOTS]|
ELSE theory IS

2

3a onpeznersiHEe HA Kpaiinama oueHKa TIpY NpeacTaBeHust Bapuanm 1 e npuiioxeHo TeopusTa u
MpaKTUKaTa Jia ca paBHOIIOCTABEHU U TIpaBUiiaTa ca GopMyIHpaHu KaTo:

(25)  finalR(theory, practice):

theory + practice .
F 5 < 2.5THEN finalR IS 2

ELSE IF theory = 2 OR practice = 2 THEN finalR IS 3
theory + practice)

2
Kpaiinata onenka finalN ce onpezaens kato ce 3akpbrin finalR KbM HA-OJU3KOTO LSJI0 YUCIIO:

ELSE finalR IS (

(26)  finalN(finalR ) = ROUND(finalR)

Omnpenensaero Ha oueHkure HOTS n LOTS npu Bapuanm 2 3a HOTS-LOTS iiepapxuuno
MHO20KOMNOHEHMHO OUeHAGAHe CHII0 ca OOEKT Ha MNOAOOHM pa3CHKICHUS M Morar jaa Obaar
MEPCOHAIM3UPAHH B 3aBUCHMOCT OT BIKAAHUATA HA KOHKPETHUS OLICHUTEII.

®dopmynuTe 3a OlleHKa Ha KOMIIOHEHTHUTE npakmuka v meopus (24.1) u (24.2) ca cpo0pa3eHu ¢
Mooen 1, 3aToBa y4acTBaT KOMIIOHEHTH €JMHCTBEHO OT MPEAXOJHOTO HUBO. B ompeneneHu rpaHuyHH
cllyyad € YAayHO M3IIOJI3BAHETO Ha MOJKOMIIOHEHTH OT I10-BUCOKO HMBO M M3MOJ3BaHe Ha Moden 2.

IIpenuMcTBO Ha pasMHTaTa JIOTMKa IPU OIIEHSABaHE € BB3MOXKHOCTTA 3a MOCTUTaHE Ha TOYHO
aBTOMAaTU3UPAHO OLEHSABAHE clopell CyOeKTUBHATa JIOTMKAa Ha oueHuTesss. OCHOBEH HENOCTaTbK €
TPYZHOCTTA 32 HECIIEUAINCTH Ja (popMaTu3upaT IpaBuiara 3a GopMUpaHe Ha OLIEHKaTa.

MN3BO/I: n3non3BaHeTo Ha pa3MUTa JIOTHKA TrapaHTHpa MOJyYaBaHETO Ha KOPEKTHH OLIEHKH, IPU
KOPEKTHO Pa3NMCaHM IPaBWiIa, JOKATO M3MOJI3BAHETO HAa METOAW Ha HM3KYCTBEHHS MHTEIEKT H3UCKBA
JOCTaThYHO TOJsIM OpOH MOIXOAAIIN BXOJHO-U3X0JHH 00pa3u 3a oOydeHue. CienBa aa oTOCNEXNUM, de
BCUYKH aBTOMAaTH3WPaHW TOJXOAM M3WUCKBAT HAOIMIOAEHHWE M KOHTPOJI OT CTaHa Ha MpENojaBaTeNs Ha
¢dopmupanute oueHku. [IpeanoxennTe Moaenu 3a HepapXMYHO MHOTOKOMIIOHEHTHO OLICHSBaHE MMarT 3a
111 KOMITJIEKCHO OIICHSBaHE Ha Pa3IMYHU MECJIOBHA YMEHHSA OT BHUCOK M HHUCHK MOPSAIBK, TEOPETUIHU
3HAHMS U IPAKTHYECKH yMEHU U p. Te 1Mo3BoJsBaT U3MOI3BAHETO HA Pa3MHTA JIOTHKA U MOrat a Obaat
aJlanTHPaHy 3a yHnoTpeda IpH OLCHsBaHE HA Pa3IMYHU AUCLUIUIMHY, B Pa3IUYHU Bb3PACTOBU TPYIIH.
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I''IABA 4. OBOBHIEHOMPEXOBU MOJEJIA BBB BUPTYAJIHO OBPA3OBATEJIHO
IMPOCTPAHCTBO

4.1. Mogaen Ha npouecuTe Ha MePCOHATM3UPAHE U U3M0JI3BaHe Ha cpe/ia 32 00yueHHe

[enrta Ha BUPTYaTHOTO 00PA30BATEIHO MPOCTPAHCTBO € J]a MHTETPHUpPA 10 €/IUH ,,AHTEIUTCHTeH

Ha4YMH peaiHus o0ydYaBaill NpOIEC C BUPTYyaJHO W3rpajeHus cBiaT. OOpa3oBaTeIHUTE MPOCTPAHCTBA
TpsiOBa Ja MPEAOCTaBAT Bh3MOKHOCTH 3a: aKTHBHO M MHTEPAKTHBHO y4acTHE; paboTa B €KHUIT; ThPCCHE U
criofiensiHe Ha WHQOpMAIMs; NUCKYTUpaHE W TMPEJCTaBsHE, MPOU3BEKIAHE HA HOBH 3HAHHS,
MOJIIOMarale ACHHOCTHTE Ha 00yYaeMHUTe U 00yJaBalIUTe; BPb3Ka C SKCIIEPTH M HE Ha TIOCICIHO MSCTO
MepCOHANM3UPaHe Ha o0yueHuero. MHppacTpykTypara Ha 00pa3oBaTETHOTO MPOCTPAHCTBOTO BKITIOYBA:

o Usepasxcoawu eremenmu Ha IPOCTPAHCTBOTO - MOTaT Ja ObaaT: o0yyaemu, oOyJaBar,
aJIMUHUCTPATOPH, TICPCOHATTHH aCUCTEHTH, TUTUTATTHH OUOIMOTEKH, EINEKTPOHHU YCIIYTH H T.H.

®  B3aumoepwb3xu — ChIIECTBYBAIUTE MEXKY U3TPAXKIAIIUTE SICMEHTH B3aUMOOTHOIIICHHS,
OCHUTYpsIBAIlld CHBMECTHATA UM paboTa MpH OTepHpaHe B MPOCTPAHCTBOTO.
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Ourypa 24. OM Mozen Ha IPOIeCHTe Ha NEPCOHANM3UPAHe U U3II0JI3BaHE Ha Cpesia 32 O0yUeHHUe
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Ce3nanena e cepus OT MOJENW, CBbP3aHHM C HaONIOJNEHWE W aHAJWM3 Ha JCHHOCTUTE Ha
oOyuaemuTe B OOpa3oBaTelHa Ccpema, TMNpeAcTaBeHH B mybOnmkamumre [60, 70, 72, 97].
O0001IEHOMPEIKOBU MOJICNTU 3a PadOTa C TOJIEMU JTaHHU BbB BHPTYAIHO KOJIAOOPATHBHO MPOCTPAHCTBO
ca cp3maaeHu B [62, 63, 71].

Tyk ce mpenctaBs o0oOIIEH MOJENT HAa Ha MPOLIECHTE Ha MEPCOHANM3MPAaHE M W3ION3BaHE Ha
cpena 3a odyuenue (durypa 24). B to3u Momen cryaentute (00y4yaBaHUTe OOEKTH) CE MHTEPIPETUPAT
ype3 o-sa7pa, 00ydyaBalluTe Ce HHTCPIPETUPAT Upe3 T-Apa, 00CTYKBAIIUAT a[MUHHCTPATHBEH MTEPCOHAIT
(MHCTIEKTOpHU OT yueOeH OTaeN) upe3 a-aapa, ooyuntenaute kypcoBe (SCORM-nakeTn) B eJ1eKTpOHHATA
OubnmoTeka 4pe3 A-Apa, eNEeKTPOHHUTE YCIYTH TPEJOCTaBSIHU OT cpefaTa 3a eJIeKTPOHHO oOydeHHe
uype3 Y-sapa v COPTyepHUTE areHTH, B POJISITa Ha MIEPCOHANHN aCHCTEHTH Ha 00ydaeMHTe upes3 f-saapa.

To3u Mozen e MUHHMAaJeH peaylupaH oboOmeHompexoBu moxen [8, 9]. B muceprammonHus
TPY/A € NaJeHO MopOoOHO OMUCAHNE HA OTICITHUTE MTPEXOJIH.

O00011IEHOMPEXKOBHAT MOJIEN ce cheToU OT 11 mpexona:
71 — TIoCThIIBaHE Ha HOB CTYEHT (00y4aeM) B eIEKTpOHHATa Cpefia 3a O0yUICHHE;
Z, — ocThIIBaHE Ha 00yuaBalll IpernoiaBaTell B eJIeKTPOHHATA CPeia;
Z3 — o0ciyKBaHe Ha 00YUYEeHHETO OT aIMUHUCTPATHBEH Y4eOCH OTAET;
Z4 — BBbBEXaHE HAa HOBU KypCOBE 32 00y4eHHUE B eNleKTpOHHATa OMOIHOTEKA;
Zs — paboTa ¢ eJIeKTPOHHH yCIIyTH, IpeUlaraHy oT 0Oy4aBaliaTa cpeja;
Z¢ — 1300p Ha Kypc 32 00y4YeHHe OT CTYIeHT B e-Learning cpenara;
Z7 — mpoliec Ha aIMUHHUCTPUpPAHE Ha HOB Kypc 3a 00y4eHHe;
Z3 — paboOTeH mpoliec Ha areHTa (IIepcoHalICH aCUCTEHT Ha CTY/ICHTA);
Zo — miporiec Ha 00y4YeHHe Ha CTyJICHTa 10 U30paHus eNeKTPOHEH KypC;
Z,o — IIpolieC Ha OLICHsABaHE Ha 0OYUCHUETO Ha CTy/AEHTa I10 U30paHust Kypc;
Z,| — mporiec Ha U3rpaxkJaHe Ha yueOHO ChAbpKaHHE HA €JIEKTPOHEH KypC.

N3BO/: Cr3nanenust OM mopen [68], naBa BE3MOXKHOCT 3a MPOCIEAIBaHE Ha MPOIECHTE Ha
nepcoHaMs3anys M M3IMOJI3BAHC HA PA3JIMYHU HMHTCIUTCHTHU HMHCTPYMCHTU 3a CICKTPOHHO O6y‘ICHI/IC.
Moxe na ce u3pieue MHGOpPMALHXs 32 NPEANOYUTAHUATA HA O0y4aeMHUTE U PEe3yATaTUTEe OT TAXHOTO
oOyuenue. Ha 6a3zaTa Ha Moziesia ¥ HaTpyIlaHa CTaTUCTHKA OT PEaJIHU JaHHHU MOTaT Ja Ce NMPaBAT OLEHKU
W Ja ce OTKPMBAT TEHICHLMH 3a PA3BUTHETO HA IMPOLIECUTE, CBBP3AaHH C EJIEKTPOHHOTO OOy4YeHHE U
HEroBoTo oOcmyxBaHe. Morar na ObIaT BBBEICHM MJONBIHUTENHM [apaMeTpu Ha Mojena u
JOIIBJIHUTCIIHU XapaKTEPUCTUKKU Ha dJpaTa, KaTo CC B3€MaT IMPEABUI (1)aKTOpI/ITe, BJIMACIIN BDBHPXY
mporeca Ha oOy4yeHHe, C IeJl MOBMIIABaHE HAa HMHTEpeca Ha oO0ydaeMuTe. AKTUBHOTO ydacTHE Ha
o0y4yaeMuTe B Mpolleca Ha YCBOsIBAHE Ha 3HAHUS U MPUA0OMBAaHE HA YMEHUS B TOJIsIMA CTETIEH MOXE Jia
Ob/1e TOBIHMSHO OT KAYECTBOTO HA U3IOI3BAHOTO 00PA30BaTEIHO IIPOCTPAHCTBO.

4.2. MopaeJ Ha nponeca Ha NIPHJIAraHe Ha CPeACTBA 32 H3BJIMYAHE HA 3HAHUSA OT JaHHHUTE B CPeIH 3a
o0yuyeHue ype3 anapara Ha 00001eHHTE MPeKH

Cop3mganeHuar 0000OIIEHOMPEKOB MOJIE ONUCBAa BB3MOXKHOCTH 3a H300p W IpHiaraHe Ha
TTOAXOISIIN TEXHUKY 32 U3BIMYAHE HA 3HAHUS OT TaHHUTE B CPeAUTE 32 00yueHue [59].

To3u mMozgen e penyuupan 0000IIEHOMPEKOBH MOJE, HO OT MO-BHCOK KJac CIPsIMO MOAEa,
npencraseH Ha ¢ur.24. Tyk 3a BCEKH Npexo] € JeQHUHUPAHO YCIOBHE 33 aKTHBUpPaHE, KaTo ce 3a/1aBa
ype3 OynieB u3pa3. AKO CTOMHOCTTa My € “frue”, ChOTBETHHUAT NPEXOJ] MOXE Jla CE aKTHBHPA, aKO €
“false” — ne. Mopnenbt, npeactaBeH Ha ¢Gur. 25, cbabppka 5 npexofa U 21 Mo3unyu, TPYNUPaHHA B JBE
TpyId U CBBP3aHH C JBa TUMA SApa, KOMUTO MOCTBIBAT B CHOTBETHUTE THIIOBE MO3MLMUM: a-sapa U [-
MO3UIIMU TIPEACTABAT MpoIleca Ha W3BIMYAaHE HA 3HAHUS OT JaHHUTE, f-iipa W (-TIO3UIHU MPEJICTABSAT
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KpUTEpUHUTE 32 OTpaHryYaBaHe Ha CpeACTBaTa U M300pa Ha MOMXOJSAIIN TEXHUKH 32 W3BINYAHE HA 3HAHUS
OT JaHHUTE. 3a KPaTKOCT Ce W3MOJI3Ba O3HAYCHHUETO Q- U [-s/ipa BMECTO «;- U f-a1pa, KbIETo i, j ca
HOMepaTa Ha ChOTBETHHTE Sijpa M caMO BIIM3aNIUTe B 00001eHaTa Mpexa siipa ca HOMEpPHUpaHU C o, o U
B, Bo. IIbpBOHAYAITHO €THO So-AAPO CTOM B MO3UIHS s C HAYAITHA XaPAKTCPUCTHKA:

,, HAIUYHU CPeOCcmaa 3a u36iudane Ha 3HaHusi om Oanuume *.

Ha cnenpamust mpexosl oT (GyHKIIMOHHUPAHETO HAa Mpexkara, -sSApoTo ce pas3jeis Ha ABE sipa.
OpuruHaIHOTO [o-SIIPO 1€ MPOIBIDKHU J]a CTOW B TIO3ULHUA te, TOKATO APYTOTO -SApO IIe Ce MPUABIKA
KBbM IIpexoja Zs, IpEeMUHABANKH IIPe3 IIpexoaa Zs.

Snpata oo M @i, TOCTHIIBAIM B MpeXaTa Mpe3 NO3UIUU [o v [ *MaT XapaKTePUCTUKH ChOTBETHO:

,, Hayannu xunomesu *;
,, HAuaHu OauHu “.

Slapata fi u > mocTHIIBAT B Mpekara Mpe3 MO3HINU fo U ¢1. Te3u sapa moiydaBaT ChbOTBETHO

HaYaJIHU XapaKTCPUCTUKH: ,,HOBA MEXHUKA 3 U36IUYAHE HA 3HAHUS Om OanHume *;
LHKpumepuu 3a u360p Ha MexXHUKa 3a U3BIU4aAHe Ha 3HAHUs om OaHnume".
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Ourypa 25. OM Mozen npy npuiaraHe Ha CpeJICTBA 3a M3BIMYAHE Ha 3HAHUS B Cpefia 3a 00yueHHe

N3BO/l: NHTerpupaneTo Ha CHCTEMHUTE 32 OOYYCHHE ChC CPEJICTBA 33 M3BIMYAHE HA 3HAHUS OT
JAHHUTE € HeOOXOIMMO 3a Tpolleca Ha NepCoHATN3UpaHe Ha KypCOBE 3a €IEKTPOHHO M JIUCTAHIIMOHHO
oOyuenue. Ha 6azara Ha moiydeHHUTEe pe3yaTaTd MOTAT Ja C€ BbBEJAT JOIMBIHUTEITHN MEPKH 32 aHAIIU3 U
MmpoMsiHa Ha oOydaBalIUTe KypCOBE M KPUTEPUHUTE 3a aHaiu3. 1oBa OT CBOS CTpaHa € IBT KbM
MMOBHINIABaHE HA KAYECTBOTO HAa 00YUYECHHUETO BHB BUCIICTO YUMIIUIIIE.
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4.3. O6001IeHOMPEKOB MO/Ie]T HA MPOoIeC 32 MHOTOKOMIIOHEHTHO OlleHAIBaHe

OOeKTHBHOTO OIICHSBaHE HA 3HAHWUATA W YMEHHATa Ha oOyJaeMHTe WMa MHOXECTBO
XapaKTePUCTUKU: MCTHUHCKU pe3ynTar (true score), HanexgHocT (reliability) m Bamuanoct (validity),
YeCTHOCT, IUGEPESHITMPAHOCT, BCECTPAHHOCT Ha omeHkata uw nap. [91]. To mnpemocraBs Ha
MpenoJaBaTelnuTe Mo-100pa Bb3MOKHOCT KaKTO 32 OIIEHKA Ha YCBOSBAaHETO Ha 3HAHUATA OT O0ydaeMHuTe,
Taka M 3a aHaiu3 Ha e(eKTHMBHOCTTa Ha mpenofaBaHeTo. Ch3ganeH € 0000IIEHOMPEXOB Moden Ha
npouec 3a MHOZOKOMNOHEHMHO OUeHABAHEe, KOWTO BKITIOYBA IIIECT €Tama!

1. Cw»30asane na mema-mooen na mecm. Merta-MonenbT AepUHUpa TUNOBE OLEHBYHU
KOMITOHEHTH, ONpEAesSIII KaKBU 3HAHUS M YMEHHsl CE OLEHSBAT CHOpel KOHKPETHa
TAKCOHOMHS ¥ MOJICJIUTE 3a OlICHSIBAHE.

2. Cwv3oasane na moden Ha mecm. MoJeTbT Ha TECT BKJIIOYBA XapPaKTEPHCTUKU 3a IelieBaTa
rpymna, mpeaMeTa Ha oOydeHHe, HadaloTo U MPOIBIDKATEITHOCTTa Ha TecTa, u Jp. Ha Bceku
THI OIICHHYHU KOMIIOHEHTH Ha METa-MOJIeJIa Ce 3aJ1aBaT ChOTBETCH OpO TECTOBU CTUHHMIIH.

3. Konduzypupane na mecm. 3anaBat ce KOHKPETHU TECTOBU €IMHHUIIMA, KOUTO CE BHBEXKIAT
Win u30upaT oT 0a3a OT JaHHM C BBIPOCH. 3a BCsAKAa KOHKPETHA TECTOBA €MHHUIA CE YKa3Ba
KBbM KOH THII OLICHBYHU €JIEMEHTH MTPUHAIICKH. 3a/1aBaT M KOHKPETHUTE 00yJaeMH.

4. Ilposesxcoane ma mecma e TpoleC, TPU KOWTO ce€ TCHEpPHUpAT KOHKPETHH TecToBe. Te
BKITIOYBAT OIPEJCICHUsS B Mojesia Opod TECTOBH EIWHUIIM OT Bceku THm. OOydaemute
BBHBEK/AT CBOUTE OTTOBOPH U PEIICHHUSL.

5. Ipouec na ouensgane. BKIOYBA aBTOMATHYHO OICHSBAHE HAa TECTa CHOpeN W30paHUs
MOJIENT M PHYHO OICHSBaHE HA OTBOPEHUTE BHIIPOCH M 33/1a4H, aKO UMa TaKHBa.

6. Ananuz na pesynmamume u oueHssane na mecma. Ch3IaTeNAT Ha TeCTa H3IMON3Ba
MOJYYEeHUTE PE3yJITaTH, 32 J1a OLICHU TecTa U e(peKTUBHOCTTA Ha MOJXOIUTE 3a OLICHSIBAHE.

OM wMozenspT, ONHUCBAIl IIpolieca HAa MOJEIMPAHE M KOHCTpyHMpaHe Ha TecToBe 3a
MHOTOKOMITOHEHTHO OIICHSBaHE Ha 3HAHUATA U yMeHHsTa Ha oOydaemure [43] e mpenctaBed Ha (ur.26.
To3u Mozen e MUHUMAJICH peAylHpan 0000IEHOMPEKOB MOJIENT M ChIIbp)Ka MHOKECTBOTO OT MPEXOIH:

A= {Z], Zz, Z3, Z4, Zs, Zﬁ}, KbACTO:

Z) — ch37aBaHe Ha METa-MOJIEN Ha TECT;

Z, — ch37jaBaHe Ha MOZET Ha TECT;

Z3 — KOH(UTypUpaHe Ha TECT;

Z4 — IPOBEX/IAHE HA TECTBAHE;

Zs — IIpOLIEC HA OLICHSBAHE;

Zs — aHaNN3 Ha pe3yJITaTUTE U OLICHSBAaHE HA TECTA.
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®urypa 26. O6001IEHOMPEKOBH MO/JIEN Ha MPOIIEC 32 MHOTOKOMIIOHEHTHO OLICHSBaHE

Asmopegpepamu na oucepmavuu 2023 (9) 61-120



98 Jlanuena Opososa

3a onucaHue Ha POIIECUTE B MOJIENA Ca U3IONI3BAHU CIICIHUTE SJIpa:

e O~ sIpa UHTEPIPETUPAT MOTPEOUTEINTE — aIMHUHUCTPATOPH, CH3IATEIN Ha TECTOBE, aBTOPU
Ha BBIIPOCH, 00y4aeMH;

e - smpa — THIIOBE OLIEHHYHM KOMIIOHEHTH, 32 OLCHSABAaHE HA MPAaKTUYECKU WU TEOPETHYHU
YMEHUS, YMECHHUSI 332 MHCICHE OT HUCHK WM BHCOK IMOPSIBK, YMEHHS, KaTerOpU3UpaHH
Criope]] KOHKpeTHa TAKCOHOMUS 32 00yUYeHHE WITH JIP.;

e Y- A1pa MHTEPIPETHUPAT MOJEIH 3a OLCHSIBaHE — CPEAHONPETErTICHa OLIEHKA HA OLCHBYHUTE
KOMITOHEHTH, OLIeHKa, Oa3upaHa Ha TeTJIOBH KOSPUIUEHTH, Pa3MHUTA JIOTHKA UM AP.;

e 0- AAPO — METa-MOJET Ha TECT;

e 1- SIpO — MOJEN Ha TECT;

e A~ smpo — 6aHKa OT JaHHHU C TECTOBH BBIIPOCH;

e - SJIPO — OLICHBYCH KOMITOHEHT (HAIpUMep: TECTOB BBIPOC, 33/1a4a, Ka3yc W JIp.).

ITpouechT ce craprupa OT aAMUHHCTPAaTOpP HA CHCTEMAaTa, MPEICTABEH 4Ype3 O-sAp0, KOWUTO
MOCTBIIBA B MpEKaTa Mpe3 MO3ULMs /; ¢ HauaJlHa XapaKTepUCTHKA!
»VHUKAIeH UOeHMUGUKAMOP U umMe Ha nompebumen Ha copmyeprHama cucmema’*.

B mosunus /; ce craptupa 3asBKa 3a Ch3JaBaHE HA HOB METa-MOJEN Ha TECT, upe3 O-1apo ¢
Hay4aJIHa XapaKTepUCTUKA!
,, VHUKANEH U0eHMU@PUKamop u HauMeHo8anue Ha Mema-mooen Ha mecm *.

B mozutust /3 uKI# o-SApo ¢ XapaKTepUCTHKA!
,, CNUCHK C HATUYHU nOmpedumenu Ha cogpmyepHama cucmema .
B mozutus Iy u B mo3uiust /s MUKIISAT CHOTBETHO B-AIpO M Y-SIIPO C XapaKTEPUCTHKH:
L, MUNOBE OYEHBLUHU KOMNOHEHMU U
L HAIUYHU MOOENU 3a OYeHABaHe".
B mucepranuoHHus TPy € 1aACHO MOAPOOHO OMUCAHUE HAa OTACITHUTE PEXOIH.

N3BO/I: IlpennmoxkeH e 00OOIMIEHOMpEXKOBA MOJEN, KOWTO MMa 3a Ied OT €IHa CTpaHa aa
000011IK TIpolieca Ha OLICHSIBAaHE, a OT Jpyra — Jia Jaje Bb3MOXKHOCT 3a MEepPCOHAIM3alus Ha HAauWHA 3a
(hopMupaHe Ha TECTOBE U OlleHsBaHE 10 BpeMe Ha oOydenue [43]. ToBa e mocTurHaro upes JeuHUpaHe
Ha MeTa-MOJIeJId ¥ MOJICJIN 3a OIIEHsSBaHEe, KOWTO 33JlaBaT PaMKH 3a Ch3/laBaHE Ha KOHKPETHU TECTOBE U
MOJIXO/IM 3a OIeHsBaHETO WM. Pa3paboTBaHETO Ha coTyepHa CHCTEMa, UMILIEMEHTHpAIA OMUCAHUS
MIpoIIeC, 1€ MPEeJOCTaBH Ha MPEIoIaBaTeNInTe I'bBKaBa IUIaTdopMa 3a eKCIEPUMEHTHpPAHE C Pa3lIuYHU
CTaHJIAPTHU M aBTOPCKH MOJIXO/IU 32 KOHCTPYHpaHe Ha TECTOBE U OlEHSABaHE HA 00y4JaeMHTe.

4.4. O0001IeHOMPEKOBH MO/IeJI HA NPOLECHTe B IPOEKTHO-0a3MPaHo o0y4eHne

Ilo cBosiTa CBHIIHOCT TPOCKTHO-0a3MpaHOTO OOyUEHUE € TIeJarordueckd MOJe] Ha
MEXIYNpeIMETHA NIeHHOCTH, HACOYEHH KBM pEallHO ChIIecTByBamia mpobmemaTtuka [11]. OcHoBHHU
yMeHHsI, KOUTO o0y4aeMute (popMupar ca: fa ce HaydaT Jia HSHTH(PHUIUpAT eTanuTe B pa3padoTBaHETO
Ha TIPOCKT, Jla IUIAHUPAT JEWHOCTTA CH, Ja Cla3BaT IUIAHUPAHHUTE CPOKOBE, Jia PabOTAT ChbBMECTHO C
JIpyTH YIIEHOBE Ha €KWIIA, Jla OLCHSABAT JEWHOCTTA HA JPYIHTE YICHOBE HA €KW, /] CAMOOIICHSBAT
JEHCTBHUATAa CH, Ja y4acTBaT B JUCKYCHHUTE IO TeMaTa Ha MPOEKTa, Karo (OpMUpPAT U 3al[UTaBar
apryMEHTUPAHO COOCTBEHH HJICH U YMCHUS.

IIponec Ha ynpasJjieHre Ha padoTaTa 10 MPOEKTH B 00y4eHHETO

YcnemHoTo ynpasieHHe 3aBUCH OT PhKOBOIUTENS HA JUCHUILIMHATA: TOH MOXE J1a paspeaes
3aJauyuTe 3a W3IBJIHEHWE, Ja cb3AaBa rpaduk 3a paborara, Ja KOHTPOJIUpPA H3IMBIHEHHUETO Ha
MO/3aJaunTe W Ja CIeIH IUIOCTHaTa paboTa. 3a mesTa MOorar Jia ce NMpaBAT CPEIIX 3a NMPEACTaBsSHEe Ha
TEKYIUTE PE3YNITaTH U 00CHKIaHe Ha JIEHHOCTUTE WK Jia ce paboTH B MOJXO/AIIa HHTEPAKTHBHA Cpejia
karo: Moodle, Acolad nnu cpena Ha 6a3za Wiki Texnonorusra.
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(1) OcHoBHMTE AeHiHOCTH NPHU AePpMHUPAHE HA POEKTH
OcCHOBHHUTE NEHHOCTH IO TIOJATOTOBKATA U TUIAHUPAHETO Ha MPOEKTHTE ce (popMai3upaT KaTo:
- Cneyugurayus na 3a0avama 3a KOHKpemeH npoexKm.
- lle¢punupane na noozadauume, epememo, 3a USNBIHEHUE U KOU We ce 3aeme C MsX.
- Hechunupane u pasnpedenane Ha pecypcume.
- Ynpaesnenue na usnvinenuemo na 3aoauume.
- CvoOupane Ha pasnudHy OGHHU 30 CMAMUCIUKA U 3d U3MEPBAHe HA PA38UMUemo Ha NpoeKma.
- Onucanue Ha 8b3IMONCHUME PUCKOBE 3a NPOEKMA U NAAH 3d YNPAGIEHUEMO MY.
- I'enepupane na paznuynu cnpasku, 3a pabomama no PoeKma.

(2) llnanupaHe HA ekuIH (TPynu)
OCHOBHU JICHHOCTH, CBBP3aHH 110 TUIAHUPAHETO HA TPYNUTE, PabOTEIH 110 POCKTHUTE Ca!
- Onpedensine Ha b6pos HA yHaCMHUYUMe 8 eKUn no 0a0eH NPoeKm.
- Onpedensne Ha CMPYKMypama Ha exund.
- Onpedensine Ha pvkosooumern (OT TIPETIOIABATEINS WA U30paH OT YYACTHUIIUTE).

(3) IlocTaBsiHe Ha 3a/1ayaTa MpeJ CTyAeHTHTE
[Ipu nedmHMpaneTo Ha MpoeKTa TPsIOBa Aa OBAAT NPEACTABEHH MPE CTYISHTUTE MOCIIEI0BATEIHO:
- npeosapumenna uHgopmayus;
- 3a0auama, NOCMAaseHa UHMepPecHo U MOMUBUPAUO;
- NOCMBNKOBO ONUCAHUE HA NPOYecd NPU U3NBIHEHUE HA 3a0a4ama;
- Habop om npenopvLYUMenTHU UHGOPMAYUOHHU USTNOUHUYIL,
- HACOKU 3a OpeaHU3UpaHe U CbXpaHasane Ha UHGopmayuama,
- HAYUHU U KpUMepuu 3a OYeHA8aHe Ha UNBIHEHUeMO Ha 3a0a4amd.

(4) JeitHocTn HA 00y4aeMuTe, M3NMBJIHIBAIINM MPOEKTH

[Ipy M3MBIHEHNETO HA MPOEKT, 00yYaeMHTE Ce Haylara 1a: MPeUu3upar MOCTaBEHHs BBIPOC I
3a/mava (HampuMep J1a TO KOHKPETHU3UpaT Wi 0000IIaBar); ChbOMpaT W aHAIM3UPAT JaHHU OT Pa3lIuIHU
HU3TOYHHIH, CHOACIAT, TI'CHCpUpAT W AUCKYTUpAT pa3JddyHd HACHU; IIpaBAT CBOU apryMCHTUPAHU
NPE/ANOIOKEHHS, XUIIOTE3H W TPEABIKIAHUS; MPOBEXKIAT M aHAJIM3UPAT COOCTBEHM EKCIICPUMEHTH;
cb3naBar apredaktu (pedeparu, 06asm OT JaHHU, MYNTHMEAHS, MOJENH, IPOTOTHIN); TPABST
JI0Ka3aTeNICTBa, 0000MIEHNsI U U3BOJIH; CHOOIIABAT U MPE3CHTUPAT HJCUTE U OTKPUTHATA CH MpPEJ IPYyTH
X0pa; MOCTABAT 3a PasriekIaHe HOBH BBIIPOCH M POOIEMH.

(5) IlpoBepka u ouleHABaHE
IIpoBepsiBaHe U OlICHSIBAaHE HA PE3yNTaTUTE OT paboTara Mo MPOSKTH BKIIOYBA:
- onpedensane KaKgo MOYHO ue ce nposepssa;
- onpedensane upe3 KaKeu cpeocmeama we ce u3gbpuiea npogeprama,
- KOPEKMHO YUMUPAHU U3MoYHUYU,;
- nyoauYHama u3s6a Kamo eCmeCcmseet 3a8bpulex 3a paspabomeans nPpoexm.

AKo mpenoiaBaTessAT U3MoA3Ba XPAHUITUINE C JAHHU, B KOUTO € ChOpaHa WHPOPMAIHs 32 MUHAIH
MPOEKTH, TO CIie]l IPUKIII0OYBaHe Ha padoTaTa Mo TEKYNIMTE MPOSKTH, 6a3aTta OT JaHHH TpsOBa na Obje
obOHoBeHa. HarpynBaHnaTa uH(opMaIys MoXe Ja ce M3MOJI3Ba 3a Ha0upaHe Ha CTaTUCTUYECKH JIAaHHU 3a
YMEHHATA Ha CTYJIEHTHUTE U 32 00y4yaBaHaTa rpyra Karo IisuIo.

Mozle.lmpaﬂe Ha nmpoueca Ha oﬁyqelme ype3 pa60Ta 10 MPOECKTH

B 0000meHoMpexoBusi Mozien, TpeacTaBeH Ha ¢ur. 27, 3agaunte (IPOEKTUTE) ce MHTEPIIPETUPAT
OT 0-1pa, IpenoJaBaTeNnuTe ca HHTepIpeTHpanu oT PB-sapa, o0yyaemute (0OekTuTe Ha 00y4YeHue) oT Y-
siipa, KPUTEPUUTE 3a OIEHKA ChOTBETHO upe3 O-sapa [65]. To3u Mojen € MuUHUMAJeH peaylupaH
0000IIICHOMPEKOB MOETI.
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®durypa 27. OM Mojen Ha MPOIECUTE B IPOCKTHO-0a3UpaHo 00y4eHHE

OM monensT ce cheTou OT 11 mpexonia chC CIeTHOTO 3HAUCHHE:
7= lloaroroBka 3a MpOEKTHO-0a3upaHOTO OOyIEeHNE
Z>= CrapTpa KOHKPETHO IPOEKTHO-0a3UPaHOTO 00yUeHHe
75 = ®opMupaHe Ha EKUIHU OT CTYJICHTH
Z4= OmnpenensiHe Ha 3aJa4nTe 32 BCEKU CKUIT
Zs= JlebuHupane Ha MOJ3a/Ia4NTE HA BCEKH TPOCKT
Zs= Pa3npenesneHue Ha M0A3aJa4UTE N0 yYACTHULMTE B €KUM
Z;=Pa0oTa 110 KOHKpETHa 10/[337a4a Ha MPOEKTa
Zg = Ipouec Ha pabOTa MO LSJIOCTHUS MPOCKT
Zo= 3aBbplIBaHE Ha paboTaTa 110 MPOeKTa
Z1o=IlpencrassiHe U 3a01UTa HA IPOEKTA
Zi1= OueHsBaHE HA POEKTUTE

B mucepranmonHus Tpy/ € [aaeHo MoApoOHO OMMCAaHNE Ha OTACITHUTE TIPEXOIH.

N3BOJMA: Pasrnemanu ca XapakTepUCTUKUTE W BB3MOKHOCTUTE Ha IMPOEKTHO-0a3UPaHOTO
oOyueHue B JIOMBIHEHHE Ha TPAAWIMOHHUTE TMEAarorudecku noaxoan. Msrpaxma ce o0OMEeHOMPEKOB
MOJIe]I Ha Tpolieca Ha OOyYeHHE, MOCPEIACTBOM pa3paboTBaHe Ha MPOCKT [65]. MomenbT Cilyxu 3a
aHaJM3MpaHe Ha BH3MOXKHOCTUTE 3a padoTa MO aJaNTHPaHd KbM 3HAHUSATA U YMEHHSTA HAa CTYIEHTUTE
MPOEKTH, YUETO pa3paboTBaHE BOAM A0 MHTETPUpaHE HA 3HAHUS, NPUAOOMBAaHU B Pa3IMUHH KypCOBE OT
oOyuenuero. MHTerpanusaTa Ha TPOEKTHO-0a3MPaHOTO O0yUeHHE C BH3MOKHOCTUTE HA E€JIEKTPOHHOTO U
ye0-0a3upaHoTO OO0y4YeHHEe NpaBAT Mpoleca Ha Yy4YeHe NO-NPHUBIEKATeNIeH M IO0-pa3Hoo0pa3eH 3a
CTYICHTHUTE.
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4.5. Mopaen 3a MTPOBH3aIMs HA eJIEKTPOHEH KYPC 32 00yUeHue

UrpoBuzanusara Ha OOyYeHHETO WUMa 3a IeNl J1a MHTErpHpa WTPOBU CIIEMECHTH U TEXHHKH B
mporeca Ha e-o0ydeHHe, 3a MOJAIOMaraHe YCBOSBAaHETO Ha Y4eOHOTO ChIbp)KaHUe. Te3u UrpH MMaT
00pa3oBaTeIH!, TPCHUPOBBYHY WM WHPOPMAIMOHHHY Lienu. MrpoBusanusra npeaiara y4eOHUST POIec
na ObJe OpraHu3UpaH B UTPOBM HHUBA (3aKIIOUYEHH WM OTKIIOYEHH C BXOJHHM HM3UCKBAaHHUS), KOHTO
MPEACTaBAT Pa3IMUHU CEKIUU ¢ YIeOHH pecypcu M IeHHOCTH 3a npeMuHaBaHe. KypchT Ha oOydenue ce
BBBEXKIA C MHTEPECEH KOHTEKCT (CIOKET/MCTOPHS) Ha JCHHOCTHTE, KOUTO TPsAOBa Aa OBAAT M3BBPIICHH.
[IpaBunara 3a 0Oy4eHHe ce BbBEXKAAT KaTO UTPOBH MpaBuia. Besko HUBO BKIIOYBA MPEIU3BUKATEIICTBA -
y4eOHU AEWHOCTH, KOUTO TpsiOBa /1a ObJAT OCHINECTBEHH 3a MMOCTHTAHE Ha YIeOHWTE IeJN Ha HHUBOTO.
Hsikon ot 3aganusiTa ca MHAMBUAYAHH, a PYTH CbBMECTHH, KbAETO 00y4aeMuTe paboTAT B EKUIIH.

3a 3aBBpIIBaHE HAa HAKOM JACHHOCTH OOydaeMHTE MOJy4aBaT O4YakBaHH OOHycH (Hampumep
TOYKH). 32 IOCTUTaHE Ha HAOOp OT M3WCKBaHUA 0O0y4aeMnTe Morar Aa momydaBaT 3Hadkw: (Champion),
Cymnep3se3na (Superstar), Aantiopuct (Adventurer), UscnemoBaten (Explorer) m T.H. 3a OTIWYHU
pe3yiTaTH WIH 32 WM3BBPIIBAHE HA KOHKPETHA JEWHOCT, MOraT Ja ToJydaT HEOYaKBaHW Harpajau
(mompHUTENHA HHTEpECHA MH(OPMAIIHS, TOYKH/OLIEHKA, MATEpHaTHH HATPpaayu (BUPTYaHH [IPEIMETH) U
T.H.). 3a crenuduyHa 3aBbpIlIeHa JASHHOCT MOTaT Jia ce MOoJy4aBaT MPEeAMMCTBAa KaTo KoMOo (Tomor,
MPENoPbKH, MO-MOAPOOHU TPUMEpH, YIBOSBAaHE HA TOYKH OT JajeHa JeHHOCT u T.H.). Hskoum ot
yu4eOHUTE EJEeMEeHTH MOraT Jia ca 3aKIIOYeHH (CKPUTH CHKpPOBHWINA) W Ja OBbAaT OTKIIOYEHH, KOTaTo
o0y4JaeMuTe OTTOBOPSAT HA ONPECICHN H3UCKBAHUS.

OOyuyaeMHTEe MOTAT J]a Y9acTBAT B UTPOBU3UPAHUS KYPC ¢ KOHKPETHA UTPOBA POIIsl, KOSITO UMa U
BU3YyaJlHO TPEJICTaBsiHE Ype3 HSAKaKbB 00pa3 (aBarap). Bb3 ocHOBa Ha chOpaHHTE TOYKH M TEKYIIOTO
WUTPOBO HHUBO OOyYaeMHTE CE TOAPESKIAT B KIACAIMATA, KBHJACTO MOTaT Ja ObJaT BHJICHH BOJCIIHTE
ydacTHUIM B yueOHUs npouec. [1o Bpeme Ha nienus nporec o0ydyaeMuTe UMaT JOCTHIT 10 HHPOpMaLus 3a
CBOS HampeAbK B OOYYECHHETO KaTO MPOTpec B MIpaTa M BHB BCEKH TEKYI[ MOMEHT 3a CBOS CTaTyC
(OCTUTHATO UTPOBO HHUBO, CTICUEIICHHU TOYKH, 3HAUYKH U JIPYTH HATPAJIN).

Pazpaborenu ca peauna MoJenH 3a MpociesBaHe Ha mpoleca Ha 00ydeHHE W pe3yNaTaTUTe Ha
obOyuaemure [74, 78, 99]. M3non3BaHeTo Ha METOAM HAa W3KYCTBEHHUS HHTEICKT JaBa BB3MOXKHOCT 3a
NpelBIDKIaHE Ha pe3yJTaTUTE W 4YacTHYHa aBTOMAaTH3alMsg Ha [poleca Ha  OICHSBaHE.
O00011IEHOMPEKOBH MOJISNT 33 MPOLECUTE M0 M300p U M3rpakaaHe Ha mojxonsmia E-Test cuctema e
naneH B [59]. Ho moxxos 3a ¢opMupaHe Ha TEKYIHM OLEHKHU 33 3HAHUATA U YMEHUSITA HA 00y4aeMUTE,
0a3upaHu Ha Pa3MUTH MHOXKECTBa ¢ npejacraBeH B [39]. Hacrosmums mozen 00001aBa Te3u MOACIH U TH
pasimpsiBa ¢ Bb3MOXKHOCTH 33 MIPUJIaraHe Ha MOJYJIM 32 UTPOBHU3AIMS Ha OOYUCHHETO U MPOCICsIBAHE
Ha o0yyaemHTe Ipu padoTara UM C UTPOBU3UPAH KypC.

Ce3aaneHuar o0O0O0IIEH MOjed Ha Mpolleca Ha WIPOBH3AlMs Ha oOydaBall Kypc € MHHUMAJIeH
penynupan 0000IIEeHOMPEKOBU Mo [69] U ChIbpkKa MHOKECTBOTO OT HPEXOIH:

A= {Zl, Zz, Z3, Z4, Zs, Zs}, KBJACTO:
e Z;—Cp31aBaHe Ha MO ¥ UTPOBHU3AIUS HA 00YIEHHUETO;
e 7, — JlebuHnpane Ha mpaBuia 3a O0YYSHHETO B UTPOBU3UPAH KYPC;
e 73— IIpoBexxaane Ha O0y4YeHHE C EIIEKTPOHHUS KYypPC;
e 74— OueHsBaHe HAa 00yYaeMHUTE ¥ HArpaXK1aBaHe;
e Zs— Kiacupane u aHajau3 Ha pe3yaTaTUTe Ha 00y4aeMuUTe;
e Zs— AHanmu3 Ha 0OYYCHHETO U OLICHABAHE HA Kypca.

Crnenuute siipa ce U3M0J3BaT 3a ONKMCAaHUE Ha IPOLIECHUTE:
e o-AApo — moTpeduTenu Ha oOywaBamara cpeaa (agMHHHCTPATOpH, IPEHoAaBaTeNy,
CTYICHTH);
e P-aapo —KypcoBe M MHCTPYMEHTH 3a UTPOBU3aIMs (TUTyTHHU, COPTYEpHH KOMIIOHEHTH U JIp.);
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e  Y-AIpO — OLICHBYHU MOJICIIH;

e  TM-SIIpO — JaHHM 32 00ydaBaHUTE OOEKTH IO BpeMe Ha 00ydeHHETO;

e K-S0 — crieUU(UIHM JaHHU 32 UTPOBU3UPAHUTE MOJIYIIN 332 00y4aBaHUTE O0CKTH;
e  U-AApO — IpaBUjIa U KPUTEPHUH 3a MPHJIAaraHe Ha UTPOBU CJIEMEHTH W HarpaXKJaaBaHe.

0O06001IeCHOMPEKOBHAT MOJIEN Ha Mpolieca Ha UTPOBHU3aLUs Ha 00ydaBall Kypc € MpeiCTaBeH Ha
¢wur. 28. B mucepranioHHus TPy € JaJ€HO MOAPOOHO OMMMCAaHNE HA OTJEIHATE MPEXO/IH.

il Z I £y & A

O
I / hz
O—

@urypa 28. O6001UIEHOMPEKOBH MOJIEI Ha TIpolieca Ha MTPOBHU3AIIMS Ha €IEKTPOHEH 00yuaBal Kypc

UrpoBuzanusra Ha 00y4eHHETO, ce pasfelisi Ha JBa OCHOBHHM THMA: CTPYKTYpHA MPOMsHA Ha
oOy4aBaI Kypc U ChIIbpKaTellHa MPOMSIHA Ha 00yJaBaIy Kypc.

ITpu cmpyxmypnama npomana obyyaemuTe NpeMHUHAT Ipe3 CTaHIAPTHUTE Y4eOHU pecypcH, HO
KBM Kypca ce BKJIIOYBAT PA3IMYHU MI'POBU €IIEMEHTH KaTO: TOYKH, 3HAUKH, KJIACALlMH Ha ITbPBEHIIUTE,
aBaTap¥, MeJaJIi U Harpaau H JIp.

Ilpu cvovporcamenna npomsna Ha oOydaBal] Kypc C€ H3MOI3BAT WMIPOBU TEXHUKH 32
Npe/ICTaBsHe Ha y4eOHOTO ChIbpiKaHue 1o (hopMaTa Ha paBuia, HUBA U yMeHus. Hanpumep:

- IlpaBunara Ha yueOHUs mpoliec MoraT Ja ObAaT pasriielaHy KaTo MpaBuiIa Ha Urpa;

- Mucwus/ TlpenusBukatenctBo/ I[lpukiroueHne — Morar aa ObJaT BCHYKH Y4eOHH aKTHBHOCTH,
KOUTO 00y4aeMusT TpsiOBa Ja OCHIIECTBH B PAMKUTE Ha yUeOHHUSI KypcC U KbM TAX MOXKe Jia Objie
N00aBeH UTPOBH CIOXKET, KOUTO J1a OMUCBA [ENTa HAa MUCHSTA;

- CKpHTO CHKPOBHIIE - CKPUTH y4eOHHU pecypcH, KOUTO Morar aa ObJaT OTKPUTH/OTBOPEHH CaMmo
NP ITOCTHTaHE Ha ONPEEIICH! YCIOBHS (HapuMep NPH 3aBbpIIBAHE HA MUCHS);

- Croxer / Uctopus — yueOHHS Ipo1ieC, MOXKE J1a OIMCBA UCTOPHS C MUCHU 32 U3IIBJIHEHHUE.

Urpute mpuTekaBaT CHICH MOTHBHUpAIl MEXaHM3bM 3a MOCTUTaHE HA TO-e()EKTUBHO OOyYCHHE.
[Mpumepu 3a Takusa cpeau ca: GENIE, The Knowledge Arcade, TalentLMS, Frog, Expertus One, Accord
LMS, Axonify, etc. [6, 44]. Te3u cucremu, He ca CBOOOJHO JNOCTBIIHM, a CE Mpejiarat Karo IIaTeHU
coryepu. Cpenara My bl IPeAOCTaBs Bh3MOKHOCTH 3a Ch3/IaBaHE Ha MEepPCOHAIM3UpaHa yueOHa cpeja
" JO0CTaBs Ha60p OT MHCTPYMCHTHU 3a NOAJAPBIKKA C OTBOPEH KO/, KATO MOAYJIM 3a UT'POBU3ALA MOT'AT 1a
ce nznon3Bat: LevelUp, Ranking block u Stash.

Co3nageHuaT 0000IEHOMPEXKOB MOJIEN Ha TpoIleca Ha WrpoBU3alus Ha oOydaBanl Kypc Ipemjara
penieHre Ha euH oT npobnemure, popMmynupad B KHUTaTa Ha akan. Kpacumup Artanacos ,,Generalized
Nets and Intuitionistic Fuzziness in Data Mining™ [34].
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4.6. Mopaenu 3a ocurypsiBaHe Ha KauecTBOTO M aKpeJUTAIMSA HA BUCIIETO 00pa3oBaHue
OcurypsiBaHeT0O Ha KadeCTBOTO BBB BHCIIETO OOpa3OBaHWE € HENpPEeKbCHAT IMPOIEC, KOWUTO
W3MCKBAa MHOTO YCHJIUS OT CTpaHa Ha 0Opa30BaTeIHUTE MHCTUTYLIHUU M aKpEAUTHPAILIUTE OpraHU3aIIH.
OcHoBHHUTE (hOpMH ca JIBE: 6bMPEUIHO U 6bHUIHO OCUZYPABAHE HA Kauecmeomo. Bricmmre yaumiuima
U3TPAXKIAT 6bMPEUIHU CUCIEMU 34 OCUZYPAGAHEe HA KA4ecmeomo, KaTo YCTaHOBABAaT COOCTBEHU
MpaBUIa U KPUTEPHUH 32 OLICHsBaHE HA 0Opa3oBaTeNHHMs mpolec. Te NoANeKaT U Ha 6bHUMHO OUeHABAHE
— akpeoumayus, KOemo ce U3gbPUIea oM JTUWEH3UPAHU HAWUOHATHU U MeXCOYHAPOOHU AZeHUUN.
Heo6xonumocTTa OT CHbHU3MEPHMOCT Ha KaueCTBOTO Ha BHCIIETO oOpa3oBaHue B EBponeiickus
CBI03 MOTHBHpA Ne(PUHUPAHETO HA STUHHU CTaHIApTH 3a KadecTBo. IIpe3 2005 romuHa ca pa3paboTeHH
Standards and Guidelines for Quality Assurance in the European Higher Education Area (ENQA).
Hokymenta (ESG) [18] cbabppixka MHOXKECTBO CTaHAAPTH U HACOKH 3a MpUJIaraHeTo uM. buarapus e exna
OT cTpaHHTe, KouTo npmiaraT crangapra ESG. OcurypsiBaHeTo Ha Ka4eCTBOTO Ha BUCIIETO OOpa3oBaHUE
B bwarapust ce u3BbpmBa oT Hamwmonamnarta areHius 3a ouneHsBaHe u akpeaurtanus (HAOA)[2].
Ilpouedypume 3a ocuzypsaeane Ha Kauecmeomo NPOTHYAT MO 0OIIa CXeMa W BKIIIOYBAT JEHHOCTHUTE:
caMoOOLICHsIBaHe, ITOCEIICHUE Ha eKCIIepTHA TPyIia, OIICHIBaHEe U CIICaKPEAUTAIIIOHEH KOHTPOIL.
IlIpoyedypume 3a oyenasane u akpeoumayus Ha eucuiemo 00pazosanue mpaoea oa 6voam
ecmecmeena U HepazoenHa 4acm om 00pa30eamesHUsA Npouec U 0a ce npoeexcoam 0e3 MHO20
Ycunus, He3aoenedcumo 3a CmyoeHmu u npenooagamenu. 3a 1eNTa, € HEOOXOIUMO 00pPa30BATCITHUTE
WHCTHUTYIINH JIa TIOJIIbP)KAT XPAaHWINIIA C aKTyallHa WHGOpMAIHS 3a AEHHOCTTA CH, a aKpEIUTHPAIIUTE —
Ia OCHTYpAT coTyepHHM HHCTPYMEHTH 3a aBTOMATH3WpaHa OIIEHKA Ha KAadeCTBOTO, CHIVIACYBAHHU C
WHpOpPMALUATa B HALMOHAIHUS IEHTBHp 3a umHpopManus u mokymeHtauus (HALIM/). Monpenu Ha
TEKYIIOTO ChCTOSTHUE ca ch3nanenu B [40, 43]. O000meH Moie Ha ChbCTOSIHIETO € AajieH Ha dur. 29.
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®urypa 29. Mojen Ha IPOLECUTE IIPU U3TOTBSIHE Ha JIOKJIA1-CAMOOLICHKA OT BUCIIHTE YUMIIHILA
a) Mopnen 6e3 yHuBepcuTeTcka copryepHa QA cuctema 0) Mogen ¢ yHuBepcuTeTcka codryepHa QA
3a Ka4ecTBO cHcTeMa 3a Ka4ecTBo
[Ipy MHOECTBO BHCIIM YUYWIMINA JIUIICBA CHUCTEMa, IOANOMAraiia Cb3/laBaHETO Ha JOKJIaJ-
camooueHka (¢ur. 29a). PasmpenensHeTo Ha 3aJauuTe MO HM3TOTBAHETO My craBa Hepapxuuno: HAOA
OTKpUBa TMpoleaypa 3a akpeauTalMs M OCBEIOMSIBA YHHMBEPCUTETa; KOMHCHATA IO aKpEAUTALUSL
pasmpenens 3amadd [0 W3TOTBSIHE HA CIPABKH W TIOATOTOBKA HA TEKCTOBE 3a OTACITHUTE CTaHAAPTH;
3BeHaTa chOMpaT HHGOpMALUs OT Pa3IMYHH PETHCTPH, YHUBEPCUTETCKH CO(PTYyEpHH CHCTEMH, a ChILIO U HE
nuraTansnpana nHpopmanys. Ch3aBaHeTo Ha JTOKIIa/1a-CaMOOIICHKA € TPY/HO, IOpaji Heo0X0IUMOCTTa
oT 0000maBaHe Ha MPEJOCTaBEHUTE B pa3iuiHu (HopMaT JaHHU W NPUBEKIAHETO HA TEKCTOBETE B OOII
JNOKyMeHT. HanmnuneTo Ha MHCTpyMEeHTH, noanoMaramu aeiHoctra (¢ur. 290) npeaocTaBs Bb3MOXKHOCTH
3a: KOHTPOJI U TpOCIeAsiBaHe Ha IEWHOCTUTE; aBTOMATH3aIMs Ha JIOCTHIIA 10 CIIPaBKHU U JIp.
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4.6.1. Cnado-11eHTpATU3UPAH MOJeJI 32 aKPeIuTANMS

EnvH BB3MOXKEH TOJXOJ 3a aBTOMATH3aIMs Ha AaKpeAWTAIlMOHHUTE TNPOLEAYpU € upes
uszpaxcoane Ha UYEHMPAIU3Upana cucmema Ha axpeoumauyuonnama azewyus u HAITHU/ u
CaAMOCmOAmMENIHU YHUBEPCUMEMCKU cucmemu 3a ocuzypaseane Ha kKauecmeomo (pur. 30). Bceska
yHHBepcuTeTcka QA CHUCTeMa aBTOMATH3MPAHO W3BIMYAa HEOOXOJUMHTE AKPEIUTAI[MOHHU JIaHHU OT
YHHBEpCUTETCKHUTe XpaHwmmiia [45]. Jlpyra yact ot uH(popMaIusaTa Ce BBBEKIA OT YHUBEPCUTETCKU
OTrOBOpHHMIIK. B ompenenen MoMeHT, HH(pOpMAIHATa OT YHUBEpcUTeTckata QA crcTema ce eKCIopTHpa
KkbM QA cucTeMaTa Ha aKkpeIUTHpaIlaTa MHCTUTYIIHS.
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@ur. 30. Cnabo-IeHTpaIn3upaH MOJIEN 32 aKPEIUTALHS

a) OCHOBHM CHCTEMH M KOMYHHKaIMOHHM HHTepdeiicn B 6) OCHOBHM CHUCTEMH W KOMYHUKaIMOHHU HHTepdeiicn
Ipolieca Ha aKPEUTAINS Ha €IHO BUCLIE YUHIIHUIIE B IIpolieca Ha aKpeJuTalys B CHCTEMaTa HA BHCIIETO
obOpa3oBaHue

[IpenrMcTBaTa Ha TOAXOAa ONPEAENAT W HEroBuUTe HemoctaThi. Ch3gaBaHETO HA COOCTBEHO
pelieHne Wik MoJApHKKaTa Ha CTAaHAAPTU3UPAHO NPUIIOKEHHE OT CTPaHAa Ha YHUBEPCUTETUTE H3MCKBA
HanmaueTo Ha crenuanusupann WT cnenmammern BBB BCsiko Buciie yumiuie. Ch3laBaHETO Ha
CTaHIapTH3WpaHa yHUBepcuTeTcka QA crcTeMa € TpyJoeMKa 3ajaada, KosTo TpsOBa na ce cro0pas3u ¢
HaJIMYUETO HAa MHOXKECTBO Pa3IMUYHU YHUBEPCUTETCKU XPAHWIIMILA U JPYTU COPTYSPHU CUCTEMHU.

4.6.2. CHJIHO-UEHTPAJM3UPAH MO/EJI 32 AKPeANTALUSA

CunHO-IIeHTpaIM3UPaHUIAT MOJIEN TIpe[jiara u3nonzeanemo Ha uenmpanusupauna cloud
cucmema 3a axpedoumayusa. CucreMara noanbpka monyn kakto 3a HAOA u HAIIUJ, taka u
KOH(UTYpUPYEMH MOJYJH, OOCIYXKBAaIlll aKpPEeIUTAIIMOHHUTE MPOLIECH 33 OTACITHUTE BUCIIN YUWIIHIIA.
W3non3BaHe Ha eAMHHA CUCTEMa IIpEJIToJiara yJeCHeHa HHTEeTpalysi MeXAy OCHOBHHUTE MOJYJIH, JIECHA 3a
MOTPEOUTENNTE aKTyanu3amus Ha coTyepa, MHTErpaius Ha cOPTyepHH pPa3IIMPEHHs, Ch3JaBaHEe Ha
JTUHAMWYHY aHAJIU3U U CIIPABKH BbPXY JaHHUTE, IPEJOCTAaBEHH OT BCUUKU MHCTUTYHH [40].

OcHOBHA IIeNT Ha OMHCAHWUTE MOJICIH € MpejJiaraHe Ha maamghopma, yinecHsBama paborata Ha
BCUYKH YYaCTHHIIA B TPOIEAYPUTE MO OIEHSIBAHE M aKPEAWUTAIMs — OT CTpaHa Ha O0ydYaBaimluTe, U OT
CTpaHa Ha akKpeIUTHpALIUTE HHCTUTYIUHU. V3MoNn3BaHETO Ha COPTYepHU CUCTEMH, Oa3MpaHH Ha
MPEJIOKEHUTE MOJICIN UMa MHOTO MPEIUMCTBA: IEHTpAIM3UpaHe Ha MPOIECUTE 1O OICHSIBaHE, KOETO
VIIECHSIBA TSAXHOTO aJMHHUCTPHUpPAHE W MOHUTOPHWHT; OCUTYpsiBaHE Ha o0mma ruargopma 3a eKUITHA
ACHMHXpOHHA paboTa Ha TOTPEOUTENN C pa3iINYHH MpaBa U OTTOBOPHOCTH; BB3MOXKHOCT 3a paboTta 1o
BCAKO BPEME M OT BCAKO MSCTO; YJIECHEHAa KOMYHHUKAIUS M MIPO3pAayHOCT; aBTOMAaTU3UPaHO FEHEPUPAHE
Ha JIOKyMEHTAIls; ONTHMH3HUpaHe Ha BPEMEBU M MaTE€pPHAHU PECYpCH; HaMalliBaHE BEPOSTHOCTTA OT
JOMyCKaHe Ha TPELKH, U Ap.

Asmopegepamu na oucepmavuu 2023 (9) 61-120



Ipunoocerue Ha Haykama 3a 0aHHUME 8668 BUPMYAJIHOMO 00PA308AMeENIHO hpocmparcmeo 105

4.6.3. O0001IeHOMPEKOB MO/Ie]1 Ha MpollecuTe HA 00pPa00TKa HA JTAHHU MPH CAMOOIeHsIBaHe BbHB
BHUCIIIE YUUJIHIIE

Mogen Ha UEHTpaJH3UpaHa CUCTEMa 332 OCUT'YpsIBaHE Ha Ka4eCTBOTO Ha BHCIIETO 0Opa3oBaHUE €
cp3maneH B [42]. O00OIIEeHOMPEKOBH MOJET Ha CHCTEMa 3a OCHTYpSBaHE HAa KaueCTBOTO BHB BHCIIE
yumnuiie € npenactaBeH B [41]. Tyk ce cb3maBa MUHUMAJICH peAylUpaH O0OOOIICHOMPEKOBU MOJIEN,
OIMCBAIll TIpoLIeCHTE Ha 00pa0dOTKa Ha JaHHH MPHU CaMOOLCHsBAalla Mpoleaypa BbB BHCLIETO Y4eOHO
3aBelleHne, KOWTO ChABPIKA CIEAHUS HAOOP OT MPEXOIu:

A={Z1, 75,73, 74},

KBJIETO:

71 — CpOupaHe Ha TaHHU OT Pa3INYHU U3TOYHHMIIN;

7, — MlaTerpupaHe Ha aHHU;

73 — O0paboTKa Ha TaHHM 32 H3UCKBAHUATA, CBBP3aHM C KPUTEPHATHATA CUCTEMA;

Z4 — VI3roTBsIHE Ha JIOKJIAJ1 32 CAMOOIICHKA M ChOTBETHUTE TTPHUIIOKCHHUSL.

CremHuTe S11Ipa ce M3IMOI3BAT 32 ONMCAHUE HA TIPOLIECUTE:

* 0-sIIpa — JaHHU 3a AEWHOCTTA Ha BUCILIETO YUHIIHIIC,

* B-simpa — 4JIeHOBE HAa QJMUHHUCTPATHUBHUS M aKaJIEMUUYCH TIEPCOHANI, YWICHOBE HA KOMUCHSITA 110
Ka4eCTBOTO U IpyIiaTa 3a U3rOTBSHE Ha JOKIJIAJ 32 CAMOOIICHKA,;

* U-sIIpa — KPUTEPHU M KPUTEPHAIHA CUCTEMa Ha aKpeJUTHUpaIaTa HHCTHTYLIUS;

* N-SIpO — XpaHWIMIIE Ha JaHHU C aKTyaslHa MH(POpMAIHMS 3a JeHWHOCTTA Ha BHCIIETO YUHIIHIIE,
HEo0X0/IMMa 3a H3TOTBSIHE Ha JTOKJIA]] 32 CAMOOIICHKA;

* y-slIpa — MHCTPYMEHTH 3a 00padoTKa Ha JaHHM;

* G-si7ipa — 3as4BKU 32 JTaHHU OT MMOTPEOUTEN/IPUIIOKECHHE.

o O e

@ o

Ourypa 31. OM Mmozen Ha nporecuTe Ha 00pabOTKa Ha JaHHU IIPH CaMOOlLieHsIBaHe BbB BY3

00001meHOMPEKOBUSIT MOJEJ, OIKCBAIll IPOIECUTe TpU o00paboTKka Ha JNaHHU MpH
caMOOIlCHsIBaIlla MpOIleAypa BBB BHUCIIETO Y4eOHO 3aBefeHMe € mnpejacraseH Ha ¢ur. 31. B
JUCEPTAIOHHUS TPY/I € JaJIeHO IMOAPOOHO OMMCAaHUE HA OTJEITHUTE MPEXO/IH.

W3BO/: Ipennoxen e dhopMaeH MoJel, OMUCBAIIl IIPOILIECUTE HA ChOMpaHe u 00padoTKaTa Ha
JAHHM T10 TPOIIeypa 3a CAMOOIIEHKA BbB BUCIIE Y4eOHO 3aBe/ieHe. 1031 MOJies MOXKe 1a ObJie pa3BUT U
4ype3 U3MNoiI3BaHe Ha iiepapxuyeH onepatop (H3 or teopusita Ha OM), KOHTO 3amMecTBa J1a€H MPEX0]
WIH TIO3WIUS C TIOJIMPEXKa, KOITO MMa CHIOTO, HO OMKMCAHO IMO-MOJPOOHO MOBEJICHNE HA EIEMEHTHUTE.
B®3 ocHOBa Ha cb31aaeHUs 0000IIEHOMPEKOB MOJIENl U ChOpaHUTE AaHHHU OT PEaHu MPOLECH MOrar Ja
ObJIaT OTKPHUTH NOBECHIECKH MOJIENIH M aHAJIN3 Ha MMPOU3BOAUTEIHOCTTA HA OTJECIIHUTE KOMIIOHEHTH.
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I'JTABA 5. PEHIEHUSA HA HAYYHOIIPHJIOKHUA ITPOBJIEMUA B OBYYEHHUETO

Pesynraté oT mpritokeHUs] Ha HaNpaBEeHUTE W3CIEIBAHMS M aHAIM3W B 00pa3oBaTellHa cpenia ca
MPEJICTABEHN B HSAKOJKO aBTOPCKHM MyOnuKanuu. METOAMYECKH TEXHUKU 3a BBBEXKJIaHE Ha 0a30BU
KOHIIETIINK B KyPCOBE 3a CTYICHTH, aJalTUPAaHN KbM 3HAHHATA W CHEIHATHOCTHTE Ha O00ydaeMuTe ca
npemsioxkenu B [64, 81]. Kak na cnensame ChBpeMEHHHUTE TEHACHIIMM B KypCOBETE 3a aHANIU3 HA JIAHHWU,
Yype3 pellaBaHe Ha MOAXOJAII0 MOMOpaHu peaaHu MpolieMu u 3amadu ce o0ckxkaa B [67]. [logxon 3a
MIPE/ICTaBsTHe Ha KOHIEIINHA W CTaHIApTH 332 WHPOPMAIMOHHA CUTYPHOCT BBB BHUCIIETO 00pa3oBaHHUE ce
npeanara B [73]. Ilporpamupane ¢ peakTUBHH OJIOKOBE ce MpecTaBs B [66] 3a KypcoBe mo MHTepHeT Ha
Hemara. B [98] ce amammsupar TpyaHOCTHTE TpU OOYYEHHETO MO JACAYKTHBHH METONW 3a IMPOBEpKa U
CUHTE3 Ha mporpamu. TeHIeHIMH B 00Y4YeHHUETO Ha COMTYESpPHHM MHXKEHEpH ce mpeactasar B [34, 35]. B
Ta3W TJIaBa OT JUCEPTAIMOHHUS TPYJ ce 0000IIaBaT pe3yiTaTH OT Te3H IyONHMKaluud U Ce Mpejyiarar
OCHOBHM €JIEMEHTH Ha Y9eOHH ITPOrpamMu U MOIXOAN 3a BbBEX/IaHe Ha 0a30BM MOAYIIA U MHCTPYMEHTH Ha
HayKara 3a JJaHHUTE BbB Bucmmire yummiia.

5.1. Y4yeOHna mporpama 3a aHaJu3 Ha JaHHUTE

Bcesixo HampaBiieHHe ¥ KOHKPETHA CIIEIUATHOCT e (POKYCHPAT BHPXY LEIUTE, KOUTO CH IMTOCTABST
C OOyYeHHETO Ha CTyACHTHTE. [IpUIOKHHUTE CIEIMATHOCTH aKIIGHTUPAT BBPXY CIOCOOHOCTTA Ha
oOydJaBaHUTE Ja MoOraT Ja W30MpaT MOAXOIA] coPpTyep 3a aHANHW3 HA JAHHU. B Ipyru crenuarHoCcTd
aKIEHTHT € O0y4aeMHTe Ja YCBOST OCHOBHM QJTOPUTMH 3a aHAIIM3 HAa NAaHHW, MAIIMHHO OOy4YeHHE U
M3KYCTBEH MHTENEKT. CTyIeHTHT TPsAOBa Jla MOXKE Ja KOHCTpyHpa MOJCIH 3a aHAJIM3 Ha ChIICCTBYBAIlA
cuTyars U ObJema ImporHo3a, /1a Ce HaydaBa Kak Ja HM3MO0JI3Ba PAa3IMYHU TEXHWKH HAa HM3KYCTBEHUS
MHTEJICKT C 1IeJ OTKPUBAHE HAa aHOMAJIWM M Ch3JlaBaHe HAa ONTHMAIHH MOjeiu. B Haii-aMOUIMO3HUS
IIJIaH, cJie]l 3aBbPUIBAHE HA 00y4YeHHETO CTYeHThT TPA0Ba 1a MO:Ke 1a YNPABJISBA HeJUsl HUKBJI OT
JaHHHM U 2 U3BJIHYA OT TAX 3HAHHUSA C MOMOIITA HA METOAM 32 CbOMpaHe M AHAJIU3 HA JaHHU U
U3M0JI3BaHe HA MOJXOASIIU AJITOPUTMHU U CUCTEMHU 32 yIpaBJieHUe HA IaHHUTe.

Orunraiikn cnenudrkara Ha OOYYEHHETO B HAIPABICHHETO W CIICUANHOCTTA, ydeOHaTa
mporpamMa Ha AWCHIMIUIMHATA, CBBbpP3aHAa C aHAIU3 Ha JAHHUTE MOXKE Ja aKIEHTHUpPAa BHPXY pa3IudHU
acriektu. CrenBa mpeiokKeHHE Ha 0a30BM MOAYJIH, KOWTO MOTaT J1a HAMEPSAT Pas3IuYHO MSICTO B
00ydYeHHeTo M0 AUCIUIUIMHATA 32 aHAIN3 Ha JJaHHH (HE3aBUCHMO OT KOHKPETHOTO HAUMEHOBAHNE).

(1) lIpeaBapurtenna nmoaroroBka. CtyaeHTuTe TPsAOBA Ja Ca MPEMHUHAIN OCHOBHHUTE KypCOBE I10
MporpaMupaHe, MaTeMaThKa, TEOpHs Ha BEPOSTHOCTHTE W CTAaTHUCTUYECKH METOAW, 0a3u OT JaHHH,
W3KYCTBEH WHTENEKT, UCKPETHA MaTeMaTHKa, CTPYKTYpPH OT NaHHM W KOMYHHKAIWs, 32 Ja ce Jale
BB3MOXHOCT Ha 00ydJaeMHusl Jla CBbP3Ba METO/IOJIOTHUTE C BHBEXKIAHUTE HOBH 3HAHUS 110 JUCIUIIIMHATA.

(2) BerpnuTesiHa yacT. B To3u MoayJ ce mpeAcTaBsAT OCHOBUTE €TalM B IIUKBJIA HA aHAIU3 U
M3BJIMYAHE HA JAHHU W J]a C€ HaIpaBH IpeErjie]] Ha pa3IndyHU MHCTPYMEHTH, KOUTO MOJIBP)KAT BCEKU
eTan oT IuKbiIa. [lenTa Ha MoAyna € 1a MOMOTHE Ha CTY/IGHTUTE B OBJEIe YCIEIHO Jja Ce pearn3upar
KaTo aHaJM3aTOPH Ha JJAHHU WU J1a IPOBEXKIAT HAYYHU M3CIIE/IBAaHUS U pPa3BUBAT aKkaJeMUYHa Kapuepa.

(3) OcHoBHa yacTt Ha Kypca. To3u MOAyJ TpsOBa Ja OCUTYpH TEOPETUYHOTO OOYYCHHE C
0a30BHUTE AITOPUTMH W TIOAXOJAM 33 aHAIM3 HAa JIaHHU KaTO: KIACH(HUKAIMIOHEH aHaJW3, PErPeCcHOHEeH
aHaJIN3, aCOIMATHBEH aHAIN3, KIIECTEPHUS aHAJIN3, aHAJIU3 Ha ITyMoBe u p. OCHOBEH aKIeHT B MpoIieca
¢ MPWJIaraHeTo Ha ChOTBeTeH Data Mining alropuTbM WIN ajJTOPUTMHU, TO3BOJISIBAIIM [TOJTy4aBaHETO Ha
3HAHWS, OIMCBAIIM: BpPb3Ka MEXKIY CBOHCTBA HAa JaHHWTE, MOJIENM HA JIaHHUTE, PE3YJNTATUTE OT
KyacuuKaIusaTa U KIbCTEpU3alMATa HA JaHHUTE U Ap. VHTEpEeCHO € KaKBU THIIOBE 3aBUCHMOCTHTE
Morar na OBJaT OTKPUTH B Ipolleca Ha M3BJIMYAHE HA 3aKOHOMEPHOCTH OT JaHHH. 3a IenTa ce
pasraexaar IIecT TUIA 3a7avd, PellaBaHeTO, Ha KOWTO BOJW JO IOJIydaBaHE HAa WHTEPECYBAIIUTE HU
3aBUCUMOCTH: OnUCAHUE U 0000ujeHue Ha OAHHU, ceeMeHmayus (Ul KibCmepuzayus), aHam3 Ha
kpatinocmume (outlier detection); onucanue na nouamus (concept description), knacugurayus u
pezpeccus; aHanu3 Ha 3a8UCUMOCHUME.
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3a W3BNMYaHE W TIPE/ICTaBsSIHE Ha MOJEIHUTE OT JaHHHU CE M3IOI3BAT Pa3UYHA MaTeMaTHYECKH
CpeICcTBA W METONW Ha W3KYCTBeHHA WHTeNeKT. OCHOBHM METOMM, H3MOJ3BaHU OT TEXHUKHTE 32
M3BIMYaHE Ha 3aKOHOMEPHOCTH OT JaHHU ca: METOJ Ha THoaabpkammre BekTopu (Support Vector
Machines SVM), meron na HaumBHuUS beiic (Naive Bayes), pasmarane mo MmeToga Ha TJIaBHHTE
komnoHeHTH (Principal Component Analysis), MeTol Ha M3KyCTBEHa HEBPOHHa MpeXa 3a aHAIN3 Ha
nannu (Artificial Neural Networks) u np.

(4) IMpakTudecko o0ydeHHe — O0OyJYacMUTE CKCIICPUMEHTHpAT C W3BIMYaHE Ha JIaHHH,
ylpaBiicHHE Ha JaHHW M aHaJli3, MOJXOAU 32 BH3YaJIM3UPaHEe HA JAaHHH, Ype3 MpHjiaraHe Ha pa3IndyHU
CHUCTEMH C OTBOpEH Koj. B Kypca crnensa nma ce mpeacTaBsT MOMYJSIPHU CHCTEMH 3a 00paboTBaHe Ha
JTaHHY 1 U3BJIHYaHe Ha 3HaHus Kato: WEKA [103], RapidMiner [87], KNIME [52], Orange [56] u np.

(5) KypcoB mpoekt. CTyaeHTuTe C mMO-c1abuW yMEHHsS MO TpOTpamMHupaHe ¥ HEAOCTAThUHH
MaTeMaTHYECKH 3HaHWS W3MUTBAT TPYAHOCTH MPHU pa3dbUpaHEeTo Ha CHITHOCTTA HAa aHAM3a HA JAaHHWUTE U
MpWiIaraHeTo Ha u30OpaHaTa TeXHHKA. 3a MPEOJOJsIBAHE HA TPYIHOCTHTE Ce Mpejiara KaTo MOCIeAeH
MOJyJ BKJIIOUBaHE Ha MPOEKTHO-0a3upaHo oOyueHne. KypcoBuTe MpoeKTH - MHANBUAYAIHU WK SKUITHA
TpsiOBa J1a ca che crienuryHa OpUEHTAIMA KbM OTpeneneHa ousHec oonact. Hanpumep:

- OpraHU3allMOHHUS M OM3HEC aHAlM3 Ha JaHHWTE: (PUHAHCOBH JaHHH, 3aCTpaxOBaHEe, OaHKHpAHE,
yIpaBlieHre Ha MHBECTHIINH, YIIPABICHIE HA PUCKa, TIa3apHU JaHHU U JIp.;

- aHajmM3a Ha JAHHUTE 3a OOINECTBEHOTO 3/paBe: JaHHW 32 Ka4eCTBOTO HA JKMBOTAa HAa YOBEKa,
M3TpaKIaHe Ha MOJIENN 32 KaUYeCTBEH KUBOT, IPEOTBpaTsIBaHe Ha ObJeImn 3a00IIBaHAS M eMUIEMUN U
(hopMynupaHe Ha IPOTpaMH 3a YIIpaBIEHUE HA 3[PABETO B OOIIHOCTTA;

- YIIPABJICHUECTO HaA Hy6HI/ILIHI/ITC HWHCTUTYIIUH, 60HHI/IHI/I, ABPKaBHU MHCTUTYIIUHU U 1IP.;

- aHaJU3 Ha JaHHU B UHTEIMT'CHTHH I'PaJioBe U KHOEP-CUTYPHOCT.

HeszaBucumo manu menta € J1a ce OTKPHUAT MHTEPECHHM B3aMMOBPB3KH, Jla CE€ KaTeropusupar
O00EKTH B TPYIH, J1a C€ ONTHMHU3UpPA IJIAHUPAHETO HAa PECypcd WM Jla ce ompeAensaT Tapudu 3a
TakcyBaHe, paboTaTra MO MPOEKTUTE e MOMOTHE Ha CTYACHTUTE J1a MOJy4daT OCHOBHO pa3OupaHe Ha
TEXHHUKWUTE 33 aHAJIM3 Ha IAHHU U Ja YCBOAT YMEHUS 32 U3BIMYaHE HAa 3HAHUS C KOHKPETHH 3a/1a4H.

N3BO/I: Pa3BuTre Ha TakuBa akaJeMUYHHM IPOrpaMy € OT PEIIaBallo 3HAUCHHE 3a yCIleXa Ha
o0ydJaeMHUTE KaTo ObJEIIA U3CIIC0BATEIN B JUTHTATHUS CBAT. IHTEpeCchT Ha 00y4yaeMHUTE U aKTHBHOTO
VM ydJacTHe B Tporieca Ha oOydeHue MoraT a ObJIaT MOBIHSIHHA OT KA9eCTBOTO Ha 00ydJaBaIlys Mporec u
M3II0JI3BaHaTa yueOHa mporpama.

5.2. HHCprMeHTI/I 3a U3BJIMYAHEC HA 3HAHUA YPE3 IIPUMEPHU

OO0ydenueTo B KypcoBeTe 1o ba3u OT 1aHHU Ha CTYJIEHTHTE OT HampaslieHUue Hu@opmamura u
KOMAIOMBbPHU HAYKY B TIOBEYETO OBITapCKH YHUBEPCUTETH C€ MPOBEXIa Npe3 BTOPU WIH TPETH
CEMECTBp. 3a IedTa TOCIEAOBATETHO CE€ BBHBEXKAAT: OCHOBHM MOJCIM Ha JaHHUTE; MPOIeC Ha
MIPOEKTHPaHe Ha pelallMOHHN 0a3W OT JIAaHHH, aHAJN3 ¥ HOPMAaN3aIisl Ha PENAIMOHHN CXEMH, €3UIIH 32
orrcanue U 00paboTka Ha maHHU. CTyJIEHTHTE Ce 3all03HABaT C MPOOJIEMUTE TIPH pasIpeeneHn 0a3u OT
JaHHU U 06eKTHO-OpI/IeHTI/IpaHI/I 6331/1 OT JaHHHU U HOBUTC MEPCIECKTHUBU 3a pa3BUTHUEC HA T'OJICMUTC JaHHU
(BigData). Cnex xaTo peanu3upaT penuia MpriIoKeHHs Mo opMara Ha KypCOBH MPOEKTH, CTYIACHTUTE
MpEeMUHABaT KbM aHAM3 Ha XpaHWIHIIA OT AaHHU M Data mining TexHuku. Te3u TEXHHKH Mpejiarat
Ooratu Bb3MOXKHOCTH 32 W3CJIe/IBaHE Ha JJAHHUTE, HO N3y4aBaHETO UM IPEAToara CujiHa MaTeMaTHIecKa
ocHOBa. Mmalikn mpenBH OTpaHHYEHOTO BpeMe, B KypCOBETE TyK ce€ TMpenjara pa3KpuBaHE Ha
BB3MOKXHOCTUTE Ha TE3W TEXHUKH, KAaTO CE IMpeajiaraT Ha CTYACHTUTC KOHKPETHU IPUMCEPU BBPXY
NpeABapUTEeIHO NOoAroTBeHW JaHHW. CTyaeHTUTEe MoraT Ja aHajdu3upaT [JaHHHUTE, CIEIBalKU
metononorusara Ha CRISP-DM mozena, kaTo B IMOCISAOBATEIHOCT OT IIECT CTHIIKK C€ CIICJBAT IIECTTE
OCHOBHU (pa3u B Tpolleca Ha H3BJIMYaHE Ha 3aKOHOMEPHOCTH OT JaHHW. 3a I[eNiTa Ce H3MOJ3BaT
MOAXOJIAMIO MMOAOPAHNA pPEATHU 33/1auydl 332 aHaJM3 Ha JIaHHW, KOUTO Ca aJalTHUPaHW C IIeN IO-JIECHO
InpuiaraHe Ha CbOTBETCH aJITOPUTHM, HOIIpO6HO MMpEACTaBCHU B TUCCPTALITUOHHUA TPYA.
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MN3BO/l: Ananm3bT Ha pe3yiaTaTUTE OT MPOBEIACHOTO OOydYeHWE IMMOKa3a, MOBUIIABAHE CTEIICHTA
Ha YCBOGHOCT Ha Y4eOHOTO ChHIBbpXKAaHHE ¥ TIOBHIIaBaHe Ha HMHTEpeca KbM AUCHUIUIMHATA [67].
OOy4eHHeTO 0 TeMaTHKa He MPEeIU3BHKA CEPHO3HU TPYTHOCTH CPEH CTYACHTUTE, KOUTO MPUTEIKABAT
HeoOXouMara mpenBapuTesiHa moaroroBka. CTyneHTUTe ¢ TMo-ciabu YMEHHUs 10 MporpamMHupaHe M He
JIOCTaThYHU MaTEMAaTUYCCKH 3HAHWS HM3MHMTBAT PEAUIla TPYAHOCTH TPU pa3OMpaHETO Ha aHauu3a u
MPWIAraHEeTO HA U30paHaTa TEXHUKA Ha U3BJIMYAHE HA 3aKOHOMEPHOCTH OT JIaHHHU.

5.3. BbBexaaHe HA OHTOJIOTUHM B 00y4eHHETO HA CTYA€HTH

[lpeanara ce meron 3a BbBEKIAHE HAa OHTOJOTMM B KypCOBETE HA CIECLUAIHOCTHUTE B
HanpasieHue “MudopmaTrka ¥ KOMOIOTHPHU HAyKH~ 4Ype3 peaiu3alus Ha TPU OCHOBHH 3allaud, KOUTO
ce pemaBar B mpolieca Ha obydenue [64]. [IppBara 3amaya € cBbp3aHa C ONMMCAHWE Ha MPHpoJaTa Ha
oHrtonoruara. lIpencraBs ce mpousxoJa M 3HAYCHHUETO HA OHTOJIOTHATA W Pa3IHMYHHUTE BHUIOBE
onrtonorur. CTyIEHTUTE ce 3all03HaBaT C OCHOBHUTE KOMIIOHEHTH Ha CTPYKTypaTa Ha OHTOJIOTHATA.
Bropara 3amaua e cBbp3aHa ¢ IpPEACTaBIHE HA CXEMH, KOMTO peanu3upar oHTojoruu. Tasm gact or
o0y4eHuneTo ce 0a3upa Ha MPUMEPH, CPAaBHEHUE MEXK]y Pa3IUdHU IPUMEPHHA OHTOJIOTHH, KAaKTO U aHaJIN3
Ha BCSIKAa OT TSX. 3a Ja Ce€ HAlpaBH TOBA, CE BbBEKIAT cpeacTBara Ha e3uka OWL. Tperara 3agaua e
paspaboTBaHeTo Ha mpumMep 3a OWL oHTONOTHSA, C MOMoIITa Ha codTyepa Protégé.

BbBexknaHeTO Ha MOHITHETO ,,OHTOJOTHS 3all04Ba ChC 3alI03HABAHE HA HErOBHS IPOU3XOJ OT
¢mwiocopusTa M OTpaszdBa NpUpoJaTa Ha HelaTra, KOUTO pPEaJHO ChIIECTBYBaT. B chbBpeMeHHaTa
JUTEepaTypa TO3M TEPMHH CE M3IIO0JI3BA 32 03HAYABAHE HA ONMpe/eieHa CHCTeMA OT KAaTeropuu, KOUTO
ca cjelcTBUE OT omnpeleeHa CUCTeMAa OT Bb3rJieau 3a cera. [Ipeacrass ce TsxHa kiacudukanus B
3aBHCHMOCT OT Pa3jiM4HU KiIacu(pUKauMoHHU mpusHaiy. B [38] ce pasriexna kimacudukalus, Cropen
KOSITO OHTOJIOTHMHTE C€ pa3AeiisT Ha: OOIIM OHTOJIOTHH; OHTOJIOTHH, OPHEHTHPaHW KbM KOHKpPETHA
00J1aCT; OHTOJIOTHH, OPUEHTUPAHU KbM KOHKPETHA 33/1a4a U MPUIIOKHHU OHTOJIOTUH.

Ilo oTHOMIEHHNE Ha CTPYKTYypaTa Ha OHTOJIOrUATa ABHO CC€ OTACIIAT ABAa KOMIIOHCHTA: MMCHA Ha
CBIIECTBYBAIM KOHLENIMY U BPB3KH B IoMeiiHa. Penuna orpannyenns Morat na ObIaT HaJOXXEHU HAZ
nomeitanTe. OHTONOTHSTA 3a€HO C MHOXKECTBO KOHKPETHH WHCTAaHIIMM Ha KJIACOBETE ChcTaBsi 0aza
3nanms (knowledge base). Taka pazpaboTBaHeTo Ha €IHA OHTOJOTHS NMPEMUHABA TMpe3 cieaHuTe (aszu
[36]: neduHupaHe Ha KJIACOBETE B OHTOJIOTHATA; M3TPAXKIaHE Ha HepapXusl OT KJIacoBere; AepuHUpaHe Ha
XapaKTCPpUCTHUKU U OITMCAHNE HAa Bb3MOXKXHHUTE CTOMHOCTH 3a TAX; IIOIIbJIBAHE HA KOHKPETHU CTOMHOCTH 3a
XapaKTePUCTUKHUTE, 32 J1a Ce TOJIy4aT KOHKPETHH WHCTAHIIMH.

Pa3zpaGorBanero Ha OHTONOTUS € UTeparuBeH mporec. OCHOBHO MPaBWIO € KOHLEHLHUHUTE B
OHTOJIOTHSATA JIa ca OJM3KH JI0 O0CKTUTE U BPh3KUTE B KOHKPETHUs jJoMeiiH. [Ipu mocTposiBaHe Ha najieHa
OHTOJIOTHS TIPEIBApUTEITHO TPAOBa Ja ce Oompelesd — ¢ KakBa LEJl Ce Ch3[aBa OHTOJIOTHTA, 33 KAKBH
TUTIOBE BBIIPOCH Ce Tpearnonara aa ObaT MoxydaBaHu OTTOBOpH (C HeliHa TIOMOII), KaK Ie ce M3I0JI3Ba
u nogabpxa. O0y4eHHEeTO NPOIbIDKABA C U3ydaBaHE Ha: METOJOJIOTHATA 32 IPOSKTHPAHE HAa OHTOJIOTHUS;
n3yyaBane Ha Web Ontology Language (OWL) u u3rpakaane Ha NpuUMEpHA OHTOJIOTHS, U3MOJI3BaHE HA
Reasoner 3a pabora ¢ oHTONMOTMK. 3a LENuTe HAa 00y4YeHUETOo ce pa3padboTBa npumep 32 OWL onTONOTHS
cbe codryepa Protége.

B pesynrar ce moctura BpBeXJaHe Ha OHTOJIOTHUTE, Ype3 pa3siCHABaHE HA 0Aa30BHUTE MOHATHUS U
OCHOBHUTE MPHUHIIMITK B 001acTTa, 0a3upaiku ce Ha npuMepu. Pa3paboTBa ce CbBMECTHO ChC CTYACHTUTE
MpUMEpHa OHTOJIOTHS, IPEMUHABAHKHU IIpe3 BCUUKU CTHIIKM B Ipolieca Ha ch3faBaHeTo. [Ipenocrassr ce
BB3MOKHOCTU 3a OOIIBJIBAHEC Ha H3TrpaJicHaTa OHTOJIOTMYHAaTa CUCTEMa — C HOBU NOHATHA, OTHOLICHUA
WM aTpuoyTH.
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3AK/IIOYEHHUE

W3Bnnyanero Ha nmanHU B oOpazosarenHu cpenu (Educational Data Mining) m aHanm3pT Ha
oOyuenuetro (Learning Analytics) ca cpaBHUTENTHO HOBHM 0O0JIACTH, KOMTO HMMAaT 3a IIeNl Jia MOJ00PAT
oOpa3oBaTelHHsI ONHWT, Ja TIOMaraT Ha 3aWHTEPECOBAHHWTE CTpPaHW (IIPEroAaBaTely, CTYACHTH,
aJIMUHHUCTPATOPH, M3CIENOBATENN), Aa B3eMaT MO-I00pH PELICHUs, W3MONA3BANKN HATPYNMaHHUTE JaHHU.
Bwnpeku ronemute ovakBaHUS M HapacHanus o0eM Ha MyOJMKanuuTe B 00JIacTTa Ha M3BIMYAHETO Ha
JTaHHA B 00pa30BaTeNIHU CPEH, BCE OIIE CTOST Oapuepy W MpeAr3BUKATEICTBA MPE U3CIEI0BATETINTE B
o0nacTTa, KaTo JMICATa HA M3YepHaTeIHM W JIeCHH 32 M3M0JI3BaHe W pa30dupaHe MHCTPYMEHTH,
KOUTO MOTaT J1a 0bJAaT MHTerPUPAHU B HAN-TIONMYJISIPHUTE CPeIM 32 yNpaBjeHue Ha 00yUeHHeTO.

CoBpeMeHHOTO OOydeHHME H3IMON3Ba CcOPTyepHH IaTGopMH 3a yHpaBieHHE Ha Y4eOHOTO
ChIbp)KaHUE, KOMTO OCHTYPSBaT TEXHOJOTWYEH amapar, HapajieIHo ¢ MyOJUKyBaHETO Ha y4eOHOTO
ChABPKAHUE Jla ce CHOMpa W ChXpaHsBa HHPOpPMAIMS M 3a aKTUBHOCTTa Ha MOTPEOUTEINTE —
npenofaBarenu U obyuaemu. Hacoka 3a Obaemo pasButhe Ha paboTara € Ch3AaBaHE Ha JIECHU 3a
MoJi3BaHe co(pTyepHM HMHCTPYMEHTH, C BB3MOXKHOCTH 3a MHTETPHUpAaHE B CpPEAWTE 3a YIpaBlieHHE Ha
O00y4YeHHETO 3a pPaHHOTO OTKpHBaHe Ha oOy4aeMH B PHUCK H CBOEBPEMEHHO YyBEJOMSBaHE Ha
MpernojaBaTeIuTe KoM 00y4aeMH ce HYKJasT OT AOMBIHUTEIHA TOMOII H KO MIPaKTUKU Ha MPENnoJaBaHe
OKa3BaT Hail-ronsiMo Bb3nedicTBHe. OCBeH TOBa TpsiOBa Ja MPOABIDKAT W3CJIENBAaHUATA OTHOCHO
BB3MOYKHOCTHTE 32 TIEpCOHAM3UpPaHe Ha YUeOHHUS MpoLeC U ChAbPKAHME, TaKa 4e BCEKH oOydaem Jia
MOJTy4aBa PECypCH CIIOpe]] TEKYIIUTE CH TIO3HAHUS M Harjiaca 3a 00yJaBaius mpoIiec.

[Ipenu3BukarencTBo € pa3paboTBaHE Ha aJalTHBHU KypCOBE, KOWUTO C€ MEpPCOHAIM3HPAT
aBTOMATUYHO criopel NpoduinTe Ha oOydaeMuTe (HYXKIH, LU, IPOU3XO0/, IbpKaBa, CTUII Ha yUCHE U
T.H.). B mucepranuonnus Tpya GOKyChT € BbpXy HaOMIOACHNE U UACHTU(UIMpPaHEe Ha 00y4aeMH B PUCK,
3a KOUTO MMa BEPOSTHOCT Ja OTMAJHAT WM JIa ce MMPOBAIAT MO BpeMe Ha oOydeHnero. Ho mposenenute
aHAIIM3W HA JJaHHU Ca BBPXY CPABHUTEIHO MaJKu Tpynu o0ydaemu. [1o-mo0pu pesynraTa Morar aa Obaat
MIOJTyYeHH TIPH aHaJN3UpaHe Ha TOJsIM OpOM CTYAEHTH, KypcoBe u nHcTuTyimu. Hampumep mpu MOOCs
(Massive Open Online Courses) Morar jia ObJIaT U3IMOJ3BaHU JTaHHU OT XUJISIU CTYICHTH. YUaCTHHUIIUTE
MMaT Pa3IUYHU TPOM3XOM, 3PSIIOCT, ONHT, HWBA Ha OOpa3oBaHWE, €3WKOBH yYMEHUWs, LENH, HYXIU U
cTHIIOBE Ha yueHe. Ho 3HaunTtenHa Gapuepa, [37] € cBbp3aHa ¢ eTHKATAa NMPH U3M0J3BaHe HA JIMYHUTE
JaHHU, KOSITO TPsiOBa Ja ce B3MMa MpeABHI HA BCHYKH €TaNM - OT CHOMPaHETO HA JaHHU /10
THJAKYBAHETO Ha pe3yJTAaTHTe W B3eMaHeTO Ha pelleHus. Hampumep AaHHW CBBpP3aHU C IO,
COllMaJIeH CTaTyc, paca, PeJIMTHO3HU BSIPBAHHSA, MJICOJOTHS WK YBpeXaaHe OMxa MOTJIH Ja JOBEAAaT JI0
JTUCKPUMHUHAITMOHHO oTHomeHrne. Ot apyra cTpaHa TpsiOBa Jla ce B3eMe MPEeIBUI U MOpEANIIaTa MEPKH,
CBBbp3aHU CbC 3allUTaTa Ha JIMYHUTEC JaHHH.

CrhenBama cTbIKa HAa MH3CAeIBAHMATA B 00JacTTa e Chb3AaBaHe W MNpHJIaraHe Ha
METO0JIOTHH 32 U3noJ3BaHeTo Ha Big Data Analytics B oOpa3oBaTennu cpeau. B epata Ha ronemure
JAaHHW, BB3MOXXHOCTHTE 3a ChXpaH;IBaHE, ylpaBlieHHEe M 00pa0OTKa Ha JIaHHM OT OHJIAMH cpean 3a
oOyueHHe [aBaT BBH3MOXKHOCT Jia C€ HM3CIIEABAT IMO-J00pe MpoIecHTe Ha OOy4YeHHWE W Jla CE€ ThPCAT
e(eKTUBHM HAYMHU 32 TAXHOTO monoOpsBaHe. KomoOunammsaTa ot Big Data u aHanm3bT Ha
o0yuenueto (Learning Analytics) e o6enaBama o0JacT Ha u3cjeIBaHe.
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IIpuHOCH HA AMCEPTALIMOHHHUS TPY/

A. Hayuynu npuHocH (B Kjaca o0oraTsiBaHe Ha ChbIIeCTBYBAIUTE 3HAHUS).

IIpenno:xenu ca MeTOOM U MOJIEJIH, KATO Pe3yJITAT OT TEOPeTHYHH 00001IeHUsI HA NPOLleCHTe HA

Ha0JII0/IeHle U aHAJIM3 Ha efiHOCTHTEe HAa 00yuaeMuTe:

1. TlercTpIKOB METOJ 3a OLIEHSBAHE W MPOTHO3UPAHE HA 3HAHHUATA, YMEHHUATA U KOMIIETEHTHOCTUTE Ha
o0yyaeMuTe BBB BUPTYaJHOTO OOpa30BaTENHO MPOCTPAHCTBO, C BB3MOXKHOCT Ja C€ Mpuiarar
W3YHCIUTEIIHU MOJACIH U KPUTEPUH 32 TMHAMUYHO OLICHSIBaHE, a OKOHYATEJIHATa OLlEHKa ce (opMHpa
OT MHOKECTBO OLICHPYHM KOMIIOHEHTH. [IpoBeieHUTEe eMIMpUYHHU M3CIeABaHUs MOTBBPXKIABAT, Ue
NPEUTOKEHNAT METOJI € MEePCIICKTHBEH 3a pa3paboTBaHe Ha CHCTEMa 3a PAHHO NPEIyNpeKaACHHE 3a
Pa3IMYHM 3aMHTEPECOBAHN CTPAHH OT 00yJaBaIIHs IPOIIEC.

2. Mogenn dype3 pa3MuTa JOTMKa Ha MHepapXMYHO MHOTOKOMIIOHEHTHO OICHSBaHE HA Pa3IHIHU
MHCJIOBHH YMEHHS OT BUCOK M HUCBHK MOPSIBK, TCOPETHIHU 3HAHUS U MPAKTUIECKH YMeHUs: Mooden
1 Ha #fiepapxu4Ha JHPBOBUIHA OPTAaHU3ALMS HA OLECHBYHUTE KOMIIOHEHTH U Moden 2 Ha HiepapXuiHa
rpadoBa (HEIbPBOBHIHA) OpraHU3alMs Ha OLEHBYHHTE KOMIOHEHTH. [IpencraBeHHTEe MOJIENu ca
MPUIOKUMH TIPH PA3ITUYHU MTOIXOAHU 32 OLICHSBAHE.

3. Meroj ¢ yed METpHKH U MHAYKTUBHA pa3MHTa KIIacU(HKAIKs 32 OLICHKA Ha CTENICHTa Ha U3IOJ3BaHe
Ha ye0-caiiToBe OT 00ydaeMuTe, P aHAIHM3 Ha MTOBEJICHUETO MM B CpejlaTa v yeO IpOoCTPaHCTBOTO.

4. Meron 3a aHANIM3 HA THIIA HA JJOKYMEHT, Ha 0a3ara Ha KJIaCU(PHUKAIIMOHHU aJrOPUTMH, KaTO IIeJIEeBUSI
aTpuOyT € Janu JOKyMeHTa € CBBp3aH C oOiacTra Ha oOydeHWe. AHATU3BT HAa JTAaHHUTE J1aBa
BB3MOXKHOCT J]a C€ TBPCAT TPYTHOCTUTE, KOUTO oOydaeMHTE cpemiaTr mpu padora ¢ JUTEpaTypHU
HU3TOYHHUIHA U Ja CC NPOCKTUPAT MOJAYJIU, KOUTO Ja OTTOBAPAT HAa MHAUBHUAYAJIHUTC UM HYXIU IIPpU
THPCCHC U M3IIOJI3BAHC HA JOKYMCHTHU.

5. Tpudakropen moaen Ha oOyyaemusi, KOMTO BKIIOUBA: (PAKTOPU HA KOMIIETEHTHOCT, EMOIIMOHATHH
¢dakTopu, hakTopu Ha BB3JCHCTBUE HA colMaNHATa cpeaa. Upe3z MonenbT Ha o0ydaeMusi MOKE J1a ce
NpoCiIed NMpOMSHATa Ha 3HAHMATA, YMEHHUSATAa M KOHIIETEHTOCTUTE M Jia C€ INPaBH IPEIBIKIAHE,
criopel HaTpyNaHUTe JaHHU OT paboTaTa Ha CPEIU U CUCTEMH 32 €JIEKTPOHHO 00ydYeHHeE.

6. OO000IIEHOMPEKOBH MOJEIU: C BB3MOXKHOCT 32 IPOCIEIIBaHE Ha IMPOIECHTE Ha H3IOJ3BaHE Ha
pa3NMYHM WHCTPYMEHTH B CpEIM 3a €JIEKTPOHHO oOydeHWe; Ha Ipoleca Ha mpuiarane Ha Data
Mining cpezicTBa B cpeliy 3a 00yueHHe; Ha Mpolieca Ha MHOTOKOMIIOHEHTHO OLICHSIBaHE B ILIECT eTana
C BB3MOXKHOCT 3a IIEPCOHANM3AIUS Ha HaurHAa 32 (OPMHpaHE Ha TeCTOBE 4pe3 AedruHupaHe Ha MeTa-
MOJIEJH, 33/1aBallld PaMKH 33 Ch3[laBaHe Ha TECTOBE M MOJXOJH 3a OIEHSIBAHETO UM; Ha MPOIIECUTE B
MPOEKTHOTO OOYYeHHE M BB3MOXKHOCTUTE 3a HHTErpalysi C eJeKTPOHHOTO W ye0-0a3upaHOTO
oOyuenue; 3a urpoBusanust Ha E-learning xypc, 3a aHanu3upaHe Ha Bb3MOKHOCTUTE M MPOOJIEMHTE
npu oOydeHue ¢ WrpoBH curyanmu. Ch3laJeHUTE MOJENH IpeAiaraT YaCTUYHO peIleHHe Ha
npobiemute, GpopMynupaH B kKHurata Ha akaza. Kp. Aranacos ,,Generalized Nets and Intuitionistic
Fuzziness in Data Mining* [9].

7. Cnabo-neHTpallu3upaH U CHITHO-IIEHTPAIIM3UPAH MOJIEN 38 OCUTYpsIBaHE HA KaueCTBOTO H
aKpequTalysITa BbB BUCIIETO 0Opa3zoBaHue. bazoB 06omeHOMpPEROB MOIeN Ha HHPOPMAIIMOHHUTE
moTouu npu o6p360TKaTa Ha JaHHHU IIPpU CaMOOLCHABAHE BbB BUCIICTO YUUIIUILC.

b. Hay4yHo-npu/10:KHU IPUHOCH (B KJIaca NPUWIOKEeHUE HA HAYYHHUTE NOCTUKEHUsI B PAKTUKATA)

1. MHOrocTBIKOBH METOJIM 3a Ch3/IJaBaHE HA MOJICITH B 00pa30BaTEICH KOHTEKCT Ype3 HHCTPYMEHTHTE 3a
MalIMHHO 00y4YeHue Ha cuctemara Orange Data Mining.

2. Codryep Ha MHCTPYMEHTH 3a aHAM3UPAHE U CPAaBHSABAaHE Ha MOBEJCHHUETO HA JIBA arcHTa 3a MAIIMHHO
oOyuenue: Rule-Based System u Reinforcement Learning.

3. CodTtyepHn MHCTPYMEHTH 3a aHaJW3 Ha 3BYKOBH YECTOTH M IpeoOpasyBaHETO UM B IBeToBe B RGB
Mozena. Mozien Ha cucTeMa, KOATO peann3upa npeodpazyBaHe Ha 3BYKOBUTE YECTOTHU B LIBSAT.

4. OcHOBHH MOJIyJIM Ha y4eOHa IporpaMa Ha HayKaTa 3a JaHHWUTE B IUCIUILUIMHU Ha Bucmmure yummiia.

5. Meroauuecky TEXHUKH 32 OOy4eHHE Ha CTYJEHTH ¢ MHCTPYMEHTH 3a U3BIMYAaHE HA 3HAHMS 4Upes3
MpHUMEpPH OT peasTHi MPoOJIeMH U 3a7a4H 3a IPOSKTHPaHE Ha OHTOJIOTUU B 00YUEHUETO Ha CTYAEHTH.
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