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GENERAL DESCRIPTION OF THE DOCTORAL THESIS

Topicality of the Research

More  and  more  information,  employment,  household,  education,  and  public
administration services are available digitally. Information and communication technologies
(ICT) have become an integral part of everyday life. E-inclusion focuses on the participation
of all individuals and communities in all aspects of information society. E-inclusion policies
aim to reduce the disparities in the use of ICT by different individuals and to promote the
effective use of ICT by all individuals for education, personal development, and professional
development, thus contributing to economic growth and full participation of individuals in
information society (DiMaggio & Bonikowski 2008; FreshMinds, 2008; Johansson & Tjäder,
2013).

The strategic goals of the e-inclusion policy in the European Union were set in 2006, but
they have not been achieved. The European Commission's Communication of 10 March 2021
entitled "2030 Digital Compass: The European way for the Digital Decade states that there is
still a gap in society between those who can and do not benefit from digital technologies, so
the European Commission's vision for 2030 is a digital  society that leaves no one behind
(European Commission, 2006; European Commission, 2021).

Statistics show that individuals do not take full advantage of the opportunities offered by
technology.  Data compiled by Eurostat  (European Commission,  2017) show that in  2017,
although  96.7 %  of  EU  citizens  have  the  skills  to  work  online,  they  do  not  use  the
opportunities  offered  by technology.  For  example,  only  67.6 % use Internet  to  search for
information about goods and services, 51 % use Internet banking, 16.8 % use it to search for
job offers, 7.35 % use it for on-line studies (e-learning courses).

The European Union has consistently recognized the importance of basic digital skills for
all citizens and included them in both the Riga e-Inclusion Declaration and the Digital Agenda
for Europe (European Commission, 2006; European Commission, 2010). Digital competence
has  been  identified  as  one  of  the  eight  key  competences  that  are  essential  for  everyone
(Council of Europe, 2006; Council of Europe, 2018). However, in 2019, only 56 % of adults
in the European Union had basic digital skills (European Court of Auditors, 2021).

The  predictions  of  researchers  who  believe  that  the  differences  between  individuals'
digital skills and their use will disappear over time and that there is no need to influence the e-
inclusion process were not confirmed (ITU, 2006; Samuelson, 2003). On the contrary, several
researchers indicate that differences between individuals in their ability to use technology are
not  diminishing  but  increasing  (Haight,  Quan-Haase,  &  Corbett,  2014).  The  urgency  of
promoting  the  e-inclusion  process  is  determined  by  technological  developments,  as  new
technological  opportunities  are  constantly  emerging,  so  individuals  must  continuously
develop their skills to use new technologies (European Commission, 2021; Yu et al., 2018).
With  the  development  and  change  of  technology,  the  problem  of  digital  skills  shortage
remains. Europe suffers from a growing shortage of professional ICT skills and digital skills
(European Commission, 2012; Santos, Azevedo, & Pedro, 2013). The European Commission
has  set  a  target  of  having at  least  80 % of  all  adults  in  basic  digital  skills  by  2030 and
employing 20 million professionals in the EU's ICT sector.

To promote the e-inclusion of individuals, European Union policy documents have been

5



developed, and various studies on e-inclusion processes have been carried out. The results of
several  studies characterize e-inclusion,  substantiate  the need for e-inclusion,  and provide
recommendations  for  the  development  and  implementation  of  the  e-inclusion  declaration
(FreshMinds, 2008). Different target groups have been studied: people with disabilities, the
elderly,  minorities,  people  living  in  economically  underdeveloped  regions  (Abad,  2014;
Aerschot & Rodousakis, 2008). Recommendations are provided for public administration and
private sector e-services to ensure that their quality meets the needs and usability of target
groups  (Achituv  et  al.,  2008;  Bélanger  &  Carter,  2009;  European  Commission,  2006).
Recommendations promoting digital skills are given (DLHLEG, 2008). Recommendations for
the implementation of e-learning are given (Casacuberta, 2007). The research focuses on how
to ensure the availability of technologies (Rapaport, 2009).

Previous research on e-inclusion has focused on identifying differences in various socio-
demographic,  economic,  and  geographical  indicators  between  individuals  who  use  and
individuals who do not use information and communication technologies (Drabowicz, 2014;
Haight, Quan-Haase & Corbett 2014; Hidalgo et al., 2020). However, some studies indicate
that not only socio-demographic and economic indicators are important, but also new factors
characterizing  e-inclusion  need to  be  sought  (Sanz & Turlea  2012).  The number  of  such
studies is insufficient, where correlations are sought between the e-included individual and the
factors that characterize the individual, his / her behavior, e-inclusion process, digital skills
acquisition processes.

Several  studies  suggest  that  it  is  necessary  to  look  for  relationships  that  characterize
e-included  individuals  based  on  several  factors  simultaneously  (De  Haan,  2004).  It  is
necessary to further study the processes of e-inclusion by identifying the factors that influence
the  process  of  e-inclusion  so  that  individuals  learn  new  technologies  and  use  them
meaningfully  (Guillen-Gamez  et  al.,  2020;  Hatlevik  et  al.,  2015).  There  is  currently  no
comprehensive method that looks at the e-inclusion process from the point of view of the
meaningful use of digital skills.

The results of existing research have not helped to achieve the goals of e-inclusion, both
for those who lead the process at the administrative level or participate as professionals, and
for individuals who need to be included. Social and demographic parameters alone cannot
explain the differences in motivation, ICT availability, digital skills, and ICT use (Zillien &
Hargittai, 2009). Although research has been carried out on e-inclusion processes, there is no
consensus on how to promote the meaningful use of newly acquired digital skills. Existing e-
inclusion studies are descriptive, they find that there are differences in the use of ICT for
different  groups,  compared  by  one  or  more  socio-demographic,  economic,  or  other
characteristics of individuals, and the studies describe these groups.

Most  of  the  existing  research  is  on  e-inclusion  risk  groups,  such  as  the  elderly,
immigrants,  the disabled persons.  But  today,  new, previously unidentified risk groups are
emerging, such as young people and individuals who need to change occupation or who need
to  be  able  to  use  ICT in  their  professional  activities  (Csordás,  2020;  Drabowicz,  2014;
Sanz & Turlea, 2012). Educators have a key role to play in bridging the digital divide. Digital
education requires them to be both digital skills experts to teach others and to continuously
develop  their  own professional  digital  skills,  as  set  out  in  the  European  Union's  Digital
Education Action Plan 2021 2027. (European Commission, 2020;  ‒ LR Izglītības un zinātnes
ministrija, 2021). The digital skills of educators in educational institutions are assessed as
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insufficient (Instefjord & Munthe, 2017; Jerrim & Sims, 2019). There is a small number of
studies on digital inclusion of these groups.

The possibilities of data and learning analytics in promoting learning achievements are
emphasized in the European Union Digital Education Action Plan for 2018 2020. This plan‒
emphasizes the need for research in the field of artificial intelligence and learning analytics
(European Commission, 2018). Although various cases of the use of learning analytics are
available in  the literature,  a  comprehensive approach to learning analytics  to promote the
digital  skills  acquisition  process  that  would  ensure  the  inclusion  of  the  individual  is  still
missing.

The Object of the Research

The  object  of  the  research  is  the  process  of  knowledge  creation  and  transfer  in  the
information system predicting the e-inclusion of the individual.

The Subject of the Research

The subject of the research is the development of a model predicting the e-inclusion of the
individual.

The Main Aim of the Doctoral Thesis

The  research  aims to  develop  a  model  that  predicts  an  individual's  e-inclusion  in
e-learning environment.

Research Questions

The  main  research  question  is:  What  technological  solutions,  using  the  factors
characterizing the individual, allow to predict the degree of e-inclusion of the individual in
e-learning environment in the digital skills acquisition course?

To determine the extent  to which  the linear regression model,  using the predefined e-
inclusion  factors  that  characterize  the  knowledge  flow  between  the  instructor  and  the
individual, can predict the degree of e-inclusion for VET (vocational education and training)
teachers’  learning  digital  skills  under  the  guidance  of  an  instructor  in  an  e-learning
environment, the following research questions have been defined:

1. What is the degree of correlation between the student's assessment of the instructor's
willingness to share knowledge and the student's degree of e-inclusion?

2. What is the degree of correlation between the student's level of satisfaction with e-
learning materials and the student's e-inclusion level?

3. What is the degree of correlation between the student's level of satisfaction with the e-
learning environment and the student's e-inclusion level?

4. What is the degree of correlation between the student's desire to learn and the student's
degree of e-inclusion?

5. What  is  the  degree  of correlation  between  the  student's  learning  abilities  and  the
student's degree of e-inclusion?
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6. To what extent is it possible to predict the degree of student's e-inclusion based on the
student's level of interest and ability to learn, the student's level of satisfaction with e-learning
materials and e-learning environment and the instructor's willingness to share knowledge?

To find out (1) individual’s e-inclusion factors that characterize the flow of knowledge
between the instructor  and the individual,  (2) the differences  between VET teachers  who
acquire digital skills under the guidance of an instructor in the e-learning environment and
have different degrees of e-inclusion, the following research questions have been defined:

1. How does the students' assessment of the instructor's willingness to share knowledge
differ for students who use the newly acquired digital skills after the end of the course and for
students who do not use the newly acquired skills after the end of the course?

2. How does the level of student satisfaction with e-learning materials differ for students
who use the newly acquired digital skills after the end of the course and for those students
who do not use the newly acquired skills after the end of the course?

3. How does the level of student satisfaction with the e-learning environment differ for
students who use the newly acquired digital skills after the end of the course and for those
students who do not use the newly acquired skills after the end of the course?

4. How does students' willingness to learn differ for students who use the newly acquired
digital skills after the end of the course and for those students who do not use the newly
acquired skills after the end of the course?

5. How  do  students'  learning  abilities  differ  between  students  who  use  the  newly
acquired digital skills after the end of the course and those who do not use the newly acquired
skills after the end of the course?

In order to determine to what extent it is possible to predict e-inclusion for VET teachers
with  classification-based  methods  and  pre-determined  factors,  the  following  research
questions have been defined:

1. To  find  out  which  classifiers  generate  e-inclusion  predictive models  with  higher
performance indicators.

2. To find out if  there is  a  classifier  with which the generated e-inclusion  predictive
models have the highest performance indicators for all training courses.

3. To find out how the performance indicators of the models differ for different types of
data sets.

To  determine  to  what  extent,  by  combining  linear  regression,  cluster  analysis  and
classification  methods,  it  is  possible  to  train  a  model  predicting  e-inclusion  with  higher
performance  indicators  compared  to  individual  model  indicators,  the  following  research
questions have been defined:

1. For  which  combinations  of  linear  regression,  cluster  analysis  and  classification
models, the performance indicators of the e-inclusion predictive model are higher?

2. What percentage of all VET teachers at-risk of digital exclusion who acquire digital
skills can the model predict as belonging to the group at risk?

3. What percentage of the predicted VET teachers at-risk of digital exclusion actually
belong to the group at risk?

To determine the performance of the model predicting e-inclusion and whether the model
meets its objectives, the following research questions have been defined:

1. What percentage of all VET teachers at-risk of digital exclusion who acquire digital
skills can the model predict as belonging to the group at risk?
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2. What percentage of predicted VET teachers at-risk of digital exclusion actually belong
to the risk group?

3. To what extent is it possible to predict, using model (without significantly lowering
the performance indicators of the model), e-inclusion for individuals who acquire digital skills
in courses that are different from the courses with which data the predictive model is trained?

To evaluate the drift of the model predicting e-inclusion, the following research questions
have been defined:

1. By what percentage does the recall of the model and base models change?
2. By what percentage does the precision of the model and base models change?
3. By what percentage does the F measure of the model and the base models change?

The Tasks of the Doctoral Thesis

To achieve the goal of the Doctoral Thesis, the following tasks are set:
1. To develop an algorithmic model predicting e-inclusion of individuals.
A.  To  analyze the  scientific literature  and  other  sources  related  to  the  e-inclusion

processes.
B.  To  analyze the  scientific literature  and  other  sources  related  to  the  predictive

technologies and methods.
C. To create an algorithmic model predicting e-inclusion of individuals.
2. To create a technological model (prototype) predicting e-inclusion of individuals.
3. To evaluate the technological model predicting the e-inclusion of the teachers of the

vocational education institutions.

Thesis Statements

1.  The  e-inclusion  of  an  individual  can  be  predicted  using  linear  regression,  cluster
analysis, classifiers, and artificial intelligence methods.

2.  The degree of  e-inclusion of  an individual  can be predicted technologically  by the
following factors: the level of individual's satisfaction with the e-learning environment and e-
learning materials used by the individual to acquire new digital skills; the individual's ability
and interest  in learning of the new digital  skills;  and the instructor's  willingness to share
knowledge. The intensity of the knowledge flow allows to predict technologically the degree
of an individual’s e-inclusion.

3.  The e-inclusion  prediction  model  can  be  used  for  prediction  of the  VET teachers’
degree of e-inclusion during the acquisition of digital skills.

Methods of Research

The following theoretical methods have been used in the theoretical part of the Doctoral
Thesis:

1.  Research  and  analysis  of  scientific  literature  and  European  Union  policy  planning
documents in the field of e-inclusion processes. Research and analysis of scientific literature
on  the  factors  characterizing  students  related  to knowledge  management.  Research  and
analysis of scientific literature on the possibilities, tendencies, and technological solutions of
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the analysis of factors characterizing students for the development of a model predicting the
degree of e-inclusion.

2. 4EM (For Enterprise Modeling) method for structuring knowledge about e-inclusion, its
goals, business rules, concepts, resources, participants, processes.

The following methods have been used to develop the practical part.
1. Data acquisition methods:
A. Surveys in e-learning environment Moodle for the determination of e-inclusion factors

for the predictive model.
B. Surveys by e-mail and telephone surveys to determine the real e-inclusion  level of

students.
2. Data analysis methods:
A. Central tendency analysis to characterize the main features of the sample set.
B. Pearson correlation analysis to determine the relationship between e-inclusion degree

and student characteristics.
C.  Multivariate  linear  regression  methods  to  determine  the  effect  of  e-inclusion  risk

factors on student e-inclusion degree.
D.  Data  mining  methods.  Cluster  analysis   Expectation  Maximization  and  ‒ kMeans

algorithm to identify student clusters. Classification methods  LMT (Logistic Model Tree),‒
LWL (Locally Weighted Learning), Naïve Bayes classifier, Simple Logistic regression, OneR
classifier for predicting student e-inclusion.

3.  The following methods have  been used for  the  development  and evaluation of  the
algorithmic and technological model predicting e-inclusion:

A.  Cross-industry  standard  process  for  CRISP-DM  data  mining  and  CRISP-ML (Q)
machine learning model development and quality assessment.

B. Data mining methods.
C. 10-fold cross-validation for model evaluation.
D. Confusion matrix, recall, precision, accuracy, and F-measure values to evaluate model

performance.

Stages of Research

The study has been conducted in several stages.
2008 2010:  The  problem  area  of  ‒ e-inclusion  was  studied,  literature  analysis  was

performed  using  the  EKD  (4EM)  modeling  approach.  The  theoretical  design  and
methodology of the research have been developed.

2010 2013:  ‒ E-inclusion  prediction technologies and methods  were studied;  knowledge
management  theory  was  studied,  characteristics  of  the  vocational  school  teachers  who
acquired digital skills have been studied. Data analysis and linear regression modelling were
performed characterizing the degree of e-inclusion of the VET teachers.

2013 2014: ‒ Development of technological model.
2014:  The  description  of  the  problem area  of  e-inclusion  was  updated  and  a  cluster

analysis was performed for vocational school teachers who acquired digital skills.
2014 2016: Additional data on teachers who acquired digital skills were ‒ collected.
2019 2021:  ‒ The problem area of  e-inclusion was updated;  used e-inclusion  prediction

technologies  and  methods  were updated,  the e-inclusion  predictive  algorithmic  and
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technological model was developed and evaluated.

The Basis of the Research

The basis of the research is data on 767 vocational school teachers who acquired digital
skills in the e-learning system Moodle environment from 2011 to 2012 and 160 vocational
school teachers who did the same from 2014 to 2016.

Scientific Novelty, Practical Significance and Theoretical Significance of the
Doctoral Thesis

The novelty of the Doctoral Thesis research
A model for predicting the inclusion of an individual and the risk factors influencing it
has been developed. The model contains a new technology (algorithm) based on linear
regressions, cluster analysis, and classification methods to determine the individual's
e-inclusion risk and the factors influencing it.

The theoretical significance of the Doctoral Thesis research
1. The  developed  model  of  the  e-inclusion  prediction  consists  of  new  technology

(algorithm) for determining an individual's e-inclusion degree in the context of digital
skills acquisition.

2. The  developed  software  prototype  for  predicting  the  e-inclusion  of  an  individual
provides an opportunity to analyze and evaluate the individual's risk factors for further
research in this problem area.

3. Theoretical aspects of the e-inclusion prediction provide a theoretical basis for further
research in this problem area.

The practical significance of the Doctoral Thesis research
1. The  technological  model  of  e-inclusion  predicts  the  risk  of  an  individual  and

determines the individual's risk factors in the context of acquiring digital skills.
2. The developed  prototype of  e-inclusion  prediction software  can  be  used in  digital

skills acquisition courses to identify factors hindering the meaningful use of newly
acquired skills.

3. The developed prototype of e-inclusion prediction software can be used to evaluate
and eliminate  the identified risk factors by preparing new digital  skills  acquisition
courses.

4. The developed prototype  of  e-inclusion prediction software  can  be used in  digital
skills courses as a support tool for the instructor to decide on the most appropriate
learning approach for the individual.

5. The  developed  prototype  of  e-inclusion  prediction  software  can  be  used  in  the
development of new e-learning systems, a student behavior analysis tool, or learning
analytics tools.
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Approbation of Results of Research
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Structure of the Doctoral Thesis

The Doctoral Thesis consists of an introduction, 4 sections, conclusions, references and 6
appendices.

Section 1 gives a description of e-inclusion, identifies the problem area of e-inclusion.
Section 2 presents technologies and methods for predicting e-inclusion.  Section 3 describes
the development of the model predicting the e-inclusion of the individual and the algorithm
used  in  the  model.  Section 4  describes  the  technological  model  (prototype)  predicting
e-inclusion  and evaluates  the technological  model  predicting  the  degree  of  e-inclusion  of
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teachers  in  vocational  education  institutions.  The  conclusions summarize  the  results  and
conclusions of the Thesis, as well as the directions and possibilities of further research.

1. ANALYSIS OF E-INCLUSION AND ITS PROCESSES

The section aims to analyze the issues of e-inclusion and its processes in order to promote
the achievement of the European Union's e-inclusion policy goals and to clarify the scope of
e-inclusion,  which will  be studied in the  Doctoral Thesis.  The following tasks have been
performed in this section:

1.  The  model describing e-inclusion has been developed with the  enterprise modeling
method 4EM.

2.  The  business  goals  of  the  model  predicting  the  individual’s  e-inclusion  have  been
determined.

The  initial  version  of  the  descriptive  model  of  e-inclusion  is  given  in  the  author's
publication [1] (in Section “General Description of the Doctoral Thesis”).

1.1. Method for Creating a Model Describing E-inclusion and Its Processes

According to the theory of J. Bubenko (2007), enterprise modeling is a process that results
in the creation of a model that represents a company or an object from different aspects.
Evaluating  the  convenience  of  the  availability  of  method documentation  and the  existing
experience  in  modeling,  the  4EM  (previously  known  as  EKD)  method  was  chosen  for
modeling e  -  inclusion in the Doctoral Thesis   (Stirna & Persson, 2018).

The 4EM method forms a unified model consisting of several interrelated sub-models:
goal  model,  business  rules  model,  concept  model,  actors  and  resources  model,  business
process model, as well as technical components and requirements model. Each of the sub-
models solves a certain level of problems and uses certain components (Stirna & Persson,
2018).

1.2. Model of E-inclusion and Its Processes

When modeling e-inclusion processes, the author deviates from the 4EM guidelines, as
the modeling seminar is not organized, instead the author uses documents  EU or scientific‒
research, EU policy planning documents and progress reports, as well as statistical data as
sources of knowledge. As a result of the work, a 4EM model describing e-inclusion has been
obtained,  which  consists  of  the  e-inclusion  goals  model,  rules  model,  resource  and  actor
model, concept model, business process model (full versions of models are available in the
Doctoral Thesis).

E-inclusion Goals Model
E-inclusion has been one of the European Union's digital policy goals for more than a

decade, which has not been achieved. The European Union's goal of e-inclusion was defined
in 2006 when the European Commission published the Riga e-Inclusion Declaration, aiming
to overcome the exclusion, and improve economic performance, employment opportunities,
quality  of  life,  and  social  participation  of  all  individuals  and  society  as  a  whole.  The
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Declaration aims to achieve the goal of e-inclusion by promoting the use of ICT and reducing
disparities in the use of ICT (European Commission, 2006).

The  author  uses  the  goals  of  the  e-Inclusion  Declaration  as  the  main  ones  for  the
e-inclusion goals model. Their achievement is also relevant in the European Commission's
Communication "2030 Digital Compass: The European way for the Digital Decade", which
sets digital goals to be achieved by 2030.

The e-Inclusion Declaration identified 6 strategic goals:
• Address the needs of older workers and elderly people
• Reduce geographical digital divides
• Enhance-accessibility and usability
• Improve digital competencies
• Promote cultural diversity in relation to inclusion
• Promote inclusive e-government
However,  the goals  of  the e-Inclusion Declaration were not  achieved in line with the

results set. In 2010 the European Commission launched the Digital Agenda for Europe, which
set the European Union's digital goals for 2020 (European Commission, 2010). The Digital
Agenda for Europe updates  the objectives  set  out in the 2006 e-Inclusion Declaration.  In
2019, the European Commission published a digital strategy for the next ten years, and on 10
March  2021,  the  European  Commission  proposed  the  Digital  Compass  (European
Commission, 2020; European Commission, 2021). The Digital Compass continues to pursue
the  goals  of  e-inclusion  by  emphasizing  that  the  digital  space  must  provide  the  same
opportunities and rights for individuals as are available to individuals offline. To ensure this,
people must have access to a secure and high-quality internet, as well as the opportunity to
acquire digital skills and use non-discriminatory digital services.

Barriers to achieving the strategic goals of e-inclusion.  Analyzing the problems that
hinder the achievement of the goals, it can be concluded that the following repeatedly appear
as obstacles:

1. ICT is not available. For example, no internet connection, no access to a computer or
smart  device  for  the  elderly  or  immigrants,  no services  for  the elderly,  and not  provided
e-accessibility and usability (Driessen et al., 2011; European Commission, 2006; European
Commission, 2010; European Commission, 2020c; European Commission, 2021; Rana et al.,
2013; Soja et al., 2019),

2.  The  lack  of  digital  skills.  For  example,  older  people  and  people  in  economically
disadvantaged  regions  (Chena,  Liu,  2013;  European  Commission,  2006;  European
Commission,  2010;  European  Commission,  2021;  Khalil  Moghaddam & Khatoon-Abadi,
2013), people with disabilities (Benda et al.,  2011; Farbeh-Tabrizi,  2012), immigrants and
ethnic minorities (Lupiañez et al., 2015; Yu et al., 2018) have no digital skills.

3.  Socio-demographic and economic factors. For example, older people cannot afford to
pay for Internet access (Ala-Mutka et al., 2008; Amy, 2011; Townsend et al., 2013).

Analyzing  what  influences  the  achievement  of  e-inclusion  goals,  it  can  be  seen  that
improving digital skills is  a precondition for achieving any strategic goal of e-inclusion.
Digital competence has been identified as one of the eight key competences that are essential
for everyone (Council of Europe, 2006; Council of Europe, 2018). The European Commission
has set a target of having at least 80 % of adults with basic digital skills by 2030.

Digital education ecosystem  for digital literacy‒ . Skills acquisition needs to be ensured
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on a continuous and regular basis to develop skills in line with technological developments
(European Commission, 2010). It is essential to develop a high-performance digital education
ecosystem  to  foster  the  development  of  digital  skills  (European  Commission,  2020b;
European  Commission,  2021).  Digital  education  encompasses  two  distinct  but
complementary aspects: firstly, the development of digital competences for both learners and
education providers (teachers) and secondly, the use of digital technologies in pedagogical
work, education and training systems (European Commission, 2018). Acquisition of digital
skills  in blended learning courses is  welcomed (Gudmundsdottir  & Vasbø, 2017; Guillen-
Gamez et al., Martínez-Alcalá et al., 2018; Patmanthara et al., 2018).

Data analysis and prediction to improve digital skills.  The Digital Education Action
Plan 2018 2020 emphasizes the importance of data in digital education processes. One of the‒
priorities is to ensure better data analysis and forecasting (European Commission, 2018). The
Digital Education Action Plan states that pilot projects in the field of artificial intelligence and
learning analytics should be carried out to facilitate the provision of digital education. A study
on the use of learning analytics by the European Joint Research Center indicates that the
potential  of  learning analytics  has  not  been exploited.  There  are  differences  between the
possibilities  indicated  in  the  research  literature  and  the  learning  analytics  introduced  in
practice. In the European Union, learning analytics is in its early stages of research (Ferguson
et al., 2016; Maennel, 2020; Viberg et al., 2018). Therefore, further research is needed.

Model of the E-inclusion Processes and Its Relation to the Target Groups
Since the author concludes that the improvement of digital skills is necessary to achieve

any  e-inclusion  strategic  goal  and  that  digital  skills  are  among  the  most  important
prerequisites for individual e-inclusion, the individual e-inclusion process model is based on
the acquisition of digital skills.

Today the emphasis has shifted from the availability of technology to the meaningful use
of ICT (Yu et al., 2017). The author defines that an individual is e-included if the individual
uses digital skills for professional or private needs, not if the individual has acquired digital
skills but does not use them.

In order for an individual to use ICT meaningfully, the individual must go through several
stages of the e-inclusion process (Fig. 1.1) (Scheerder et al., 2017; van Dijk, 2006; Yu et al.,
2018):

Stage 1: the individual is motivated to use the new technology.
Stage 2: the new technology is physically available to the individual (1st generation digital

divide).
Stage 3: the individual has digital skills to use technology (2nd generation digital divide).
Stage 4: The individual uses the new technology in a meaningful way, that is, to address a

professional or private need (3rd generation digital divide, digital inequality).
It should be emphasized that the acquisition of new digital skills and their meaningful use

are two different steps in the e-inclusion process. The existence of digital skills alone does not
yet  ensure  an  individual's  e-inclusion  (Lerchner  et  al.,  2007;  Ono  &  Zavodny,  2008).
Nowadays, there is the concept of “3rd generation digital divide”. This divide has developed
between those  who use technology meaningfully  for  the  benefit  of  professional  needs  or
personal development and those who use technology but do not benefit from it (Robles &
Torres-Albero,  2012).  In  such situations,  a gap in the  use  of  ICT is  formed,  or  a gap
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between an individual's knowledge of ICT and the use of ICT meaningfully (van Deursen
& van Dijk, 2015).

The process of e-inclusion is repeated for the individual with the emergence of new ICT
(van Dijk, 2006; Yu et al., 2018). In the context of e-inclusion, it is necessary to indicate that
the individual's e-inclusion is situational. It refers to the use of specific technologies for a
specific purpose, in a specific situation. An individual's total e-inclusion is formed by the set
of his situational e-inclusion.

Fig. 1.1. The process model of the e-inclusion of an individual.

E-inclusion Target Groups
E-  inclusion    refers   practically    to    everyone.   The target  group of e-inclusion consists  of:

elderly people, people with lower incomes and people with low level education, people from
less developed regions, people with disabilities, women, the unemployed, immigrants, ethnic
minorities (Basili, 2013; de Hoyos et al., 2013).

Contrary  to  the  view that  a  generation  that  has  become familiar  with  the  Internet  in
childhood has no problems using it, it is pointed out that this generation lacks digital literacy
(information and strategic skills) (Santos et al., 2013; van Deursen & van Dijk, 2009).

Digital skills need to be improved for prospective employees and today's employees. One
of  the target  groups for  e-inclusion is  educators.  Their  professional  activities increasingly
require the meaningful use of ICT (Altun, 2019; Rintamäki & Lehto, 2018; Záhorec et al.,
2019). In 2014, the "Guidelines for the Development of Education for 2014 2020" supported‒
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by  the  Cabinet  of  Ministers  indicated  that  it  was  necessary  to  continue  increasing  the
professional  capacity  in  the  field  of  ICT  for  the  teaching  staff  of  vocational  education
(Izglītības  un  zinātnes  ministrija,  2014).  A  study  by  the  Organization  for  Economic
Cooperation and Development (OECD) in 2018 (Jerrim & Sims, 2019) showed that less than
40 % of educators felt ready to use digital technologies in teaching and that there are large
differences  within the EU. Educator  training is  needed both to  improve educators'  digital
skills and to make educators later be part of a high-performance digital education ecosystem.

1.3. Summary and Conclusions

Improving digital  skills  can be seen as  a  key goal  in  achieving the strategic  goals  of
e-inclusion. Improving individuals' digital skills also contributes to other e-inclusion policy
goals. The most important step in the e-inclusion process for any individual is the meaningful
use of digital skills, which is closely related to both the availability of technology and the
acquisition of digital skills.

1. It is necessary to achieve an effective transition of individuals from the stage in which
they acquire digital skills to the next stage in which the individual uses acquired digital skills
meaningfully. In the Doctoral Thesis, the author has studied how to ensure that an individual
moves from the stage of skills acquisition to the stage of meaningful use of skills.

2. It is necessary to identify the factors that facilitate the individual's transition to the last
stage  of  the  e-inclusion  process,  in  which  the  individual  uses  the  acquired  digital  skills.
Current  research  mainly  characterizes  individuals  using  socio-demographic  and  economic
factors and concludes these factors about the age, gender and other characteristics of people.
However, socio-demographic and economic factors are difficult to change. It is necessary to
look for individual factors in the context of knowledge creation and transfer processes that
can be influenced during learning.

3. It is necessary to conduct digital skills training for e-inclusion of individuals as blended
learning. Blended learning and online learning are in  line with the EU Digital  Education
Action  Plan (2021‒2027),  which calls  for  education and training  systems to adapt  to  the
digital age.

4. Target group   ‒   teachers.   Studies and EU policy planning documents indicate that in the
context of e-inclusion, attention should be paid not only to "traditional" risk groups, but to
everyone. The rationale for choosing teachers is based on the fact that most teachers do not
have sufficient digital skills. The choice of teachers as the target group for e-inclusion is also
in line with the priorities of the EU Action Plan for Digital Education (2021‒2027), which
envisages the provision of educational staff and teachers with stable digital competences.

5. The EU Digital Education Action Plan points to the need to use learning analytics to
promote digital education.

The author sets the following goals for the predictive model of e-inclusion:
1) to identify an individual who is at risk of not using newly acquired digital skills (risk of

not being e-included) by learning analytics;
2)  to  determine  for  an  individual  in  the  context  of  knowledge  creation  and  transfer

processes risk factors that influence the individual's learning outcome ‒ the e-inclusion of the
individual.
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2. ANALYSIS OF E-INCLUSION PREDICTION
TECHNOLOGIES AND METHODS

To determine the requirements for predictive technologies and methods for the e-inclusion
prediction model, the following tasks have been performed in this section:

1. The scientific literature on the technologies and methods of creating predictive models,
learning  analytics,  and  its  application  in  the  development  of  predictive  models  has  been
studied.

2. Conclusions have been made on the methods and technologies for the development,
evaluation, and performance characterization of the e-inclusion prediction model.

3. The stages of the process of creating an individual's e-inclusion prediction model have
been determined.

2.1. Predictions, Learning Analytics and Related Concepts

It is assumed that prediction means foresight based on facts, observations or assumptions,
the  formation  of  a  future  image  with  a  certain  degree  of  probability  (Skujiņa,  2000).
Prediction methods can be divided into qualitative and quantitative (Anderson et al., 2012;
Tilde, 2014).

Predictive  analytics involve  a  variety  of  data  mining,  predictive  modeling,  machine
learning, and statistical techniques to predict future events based on an analysis of current and
historical facts (Nyce & Cpcu, 2007).

Predictive modeling is a model development process that generates the most accurate
forecast possible (Kuhn & Johnson, 2013).

Prediction is related to almost every discipline of science, and prediction using learning
data is  a  topical  issue in  educational  data  mining and learning analytics research (Rudin,
2014).

Learning analytics is the measurement, collection, analysis and review of learner-related
data to understand and optimize the learning process and the learning environment (LAK,
2011).  Three  main  user  groups  are  involved  in  learning  analytics:  learners,  educators/
instructors, institutions (Miteva & Stefanova, 2020; Ortiz-Rojas et al., 2019).

Predictive learning analytics is the analysis of historical and current data obtained from
learners and the learning process to create models that allow predicting what improves the
learning  process  and  the  environment  in  which  it  takes  place  (ECAR-Analytics  Working
Group, 2015).

Learning  analytics  uses  statistical,  data  mining,  and  machine  learning  methods  and
technologies to develop prediction models (Lenar et al., 2019).

The growing amount  and  availability  of  data  related  to  the  learning  process  make it
possible to use new approaches to the analysis of student data, which have already been used
in such fields as artificial intelligence and related machine learning (Machine Learning and
Learning  Analytics  Workshop,  2014).  Machine  learning involves  teaching  computers
(systems) to predict  the future or in some way unknown events,  using statistical  and data
mining techniques.  The  goal  of  the  machine  learning process  is  to  provide  training  in  a
computer program based on experience (Cios et al., 2002).
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2.2. Methods and Technologies for Creating Predictive Models

Methods  and  algorithms  based  on  statistical,  data  mining  and  machine  learning
technology can be used to create predictive models. Several strategies are used in machine
learning  (Schuh  et  al,  2020):  unsupervised  learning,  supervised  learning,  semi-supervised
learning,  reinforcement learning. An example of unsupervised  learning is  clustering tasks.
The supervised learning addresses classification and regression tasks.

Although the primary task of clustering is to group objects into clusters, several studies
are available in the literature where the application of cluster analysis is aimed at prediction
(Sorour et al, 2014). One of the algorithms used in cluster analysis for prediction purposes is
the kMeans algorithm (Sorour et al., 2014; Tamada et al., 2019).

In machine learning, the task of classification is  to  use a  training data  set  to learn to
identify a class that corresponds to a previously unseen object. Classification algorithms can
be divided according to the way they predict: (1) predict the class to which the object belongs;
(2) predict the probability that shows the extent to which the object belongs to the class.

Another type of classification algorithms is based on how they form a classification model
and classify unseen data (Galván et al., 2011). The first type is called lazy learning because
the classification model uses the training data set only when it is necessary to determine how
to classify a particular unseen example. The second type of learning is eager learning. In this
case, a classification model is first created based on the training data, which is then used to
classify unprecedented data. Most of the classifiers are eager learning algorithms, such as
algorithms based on rules, functions, trees, as well as Bayesian algorithms. An example of a
classifier  of  lazy learning is  the kNN (k-nearest  neighbor)  algorithm. Other  lazy learning
algorithms are based on the locally weighted learning approach.

In machine learning, the task of regression is to learn how to predict future events with a
numeric score using previously known example values. Linear regression is the most widely
used  supervised  predictive  modeling  for  systems  based  on  machine  learning  approaches
(Caraciolo, 2011).

2.3. Predictive Model Evaluation Methods and Performance Metrics

Evaluation of Predictive Models
The main methods for model evaluation are the collection of new data to test the accuracy

of  predictions,  or  the  division  of  existing  data  into  several  sets  to  obtain  independent
measurements of model accuracy (Snee, 1977). Dividing existing data into several subsets to
assess  the  accuracy  of  the  model  can  be  done  in  several  ways.  The  two  methods  most
commonly  used  to  evaluate  the  developed  model  are  the  holdout  method  and the  cross-
validation method (Arlot & Celisse, 2010). In situations where a limited amount of data is
available,  one  of  the  cross-validation  methods  is  used  to  objectively  evaluate  the  model
(Yadav & Shukla, 2016). One of the cross-validation methods is the k-fold method. The ten-
fold  cross-validation  method  is  considered  to  be  the  best  in  theory.  The  cross-validation
method has been used to evaluate student achievement classifier models (Buraimoh et al.,
2021; Pereira et al. 2019).

Performance Metrics of Predictive Models
Performance metrics  of  classification model. There is  no consensus  in  the research
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literature on which performance metrics is best  used to evaluate the model (Seliya et  al.,
2009).  The  selection  of  the  most  appropriate  performance  metrics  should  depend  on the
problem to be solved and the characteristics of the available data set (Novaković et al., 2017).

When it is important to distinguish between types of errors or there are no similar number
of  examples  in  the  classes,  the  confusion  matrix  methodology  is  used  to  assess  the
performance of classification models (Table 2.1).

Table 2.1

Confusion Matrix in a Binary Classifier

Predicted class
Positive

Predicted class
Negative

Actual
Positive class

True positive (tp) False negative ‒ type II error (fn)

Actual
Negative class

False positive ‒ type I error (fp) True negative (tn)

The confusion matrix consists of 4 different combinations of predicted and actual values:
true positive (tp); true negative (tn); false positive (fp); false negative (fn). A true positive is
an  outcome  where  the  model  correctly  predicts  the  positive  class.  A true  negative  is  an
outcome where the model correctly predicts the negative class. A false positive is an outcome
where the model incorrectly predicts the positive class. And a false negative is an outcome
where the model incorrectly predicts the negative class.

In  the  binary  classification  model,  its  performance  is  evaluated  using  precision  (2.1),
sensitivity (recall) (2.2), accuracy (2.3), balanced accuracy (2.4), F1 score (2.5), and F2 score
(2.6):

precision= t p
t p+ f p

(2.1)

recall= t p
t p+ f n

(2.2)

accuracy= t p+t n
t p+ t n+ f p+ f n

(2.3)

balanced accuracy=( t p
t p+ f n

+ t n
t n+ f p

)/2 (2.4)

F1 measure= 2 × precision × recall
 precision + recall

 (2.5)

F2 measure= 4 × precision × recall
5 × precision + recall

 (2.6)

Precision indicates what percentage of the predictions on the positive class is correct.
Recall shows the proportion of the positive class (not e-included) instances that are correctly
classified. Accuracy is defined as the ratio of correctly classified examples in both classes to
the total number of examples. Balanced accuracy is especially useful when each class has a
different number of  examples (Brodersen et al., 2010). Balanced accuracy is defined as the
average ratio of correctly classified examples in each class.

Complementarity is one of the most important features of evaluating classification models
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(Novaković et al., 2017). The F1 measure is the harmonic mean between precision and recall.
The F2 measure combines precision and recall, double emphasizing the importance of recall.

Since the  Doctoral Thesis research aims to identify students at risk of digital exclusion
(not e-included), the author considers that a positive class is not e- included, but an e- included
class is a negative class. The true positive (tp) is the number of examples not e- included that
are correctly predicted. The true negative (tn) is the number of examples of the e-included in
the class that are predicted correctly. A false positive (fp) is the number of  e- included class
instances that are predicted as not e- included. A false negative (fn) is the number of instances
of a class not e-included that is incorrectly predicted (as e- included).

The F measure is used as the primary indicator of model performance in the dissertation.
An individual's e-inclusion prediction model is important if  its prediction covers as many
students at risk as possible. Therefore, not only the F1 measure but also the F2 measure has
been used in the dissertation study to emphasize the importance of coverage.

The F measure is used as the primary indicator of model performance in the  Doctoral
Thesis. An e-inclusion prediction model makes sense if it covers as many students at risk as
possible. Therefore, we will also use the F2 measure in our study to emphasize the importance
of recall.

Performance Metrics of Regression Models
The most common metrics for estimating regression problems are Root Mean Squared

Error  (RMSE),  Mean  Absolute  Error  (MAE),  coefficient  of  determination,  and  corrected
coefficient of determination.

Performance Metrics of Cluster Analysis Models
As the cluster analysis will be used for  prediction and the real values of the dependent

variable  will  be  known,  it  will  be  possible  to  use  the  performance  indicators  for  the
classification tasks.

Techniques for Improving the Performance of Predictive Models
Combining predictive models to improve the performance of a student achievement

prediction model. To improve the performance of the model (accuracy, precision,  recall,
etc.), one possibility is to base the final prediction on several models, defining a scheme for
combining  the  individual  prediction  result of  each  model  (Hung  et  al.,  2019).  Another
approach to improving the performance of models for predicting student achievement is to
form classifier ensembles (Atallah & Al-Mousa, 2019; Mulyani et al., 2019).

Addressing the problem of unbalanced classes in classification.  Methods for solving
the problem of unbalanced classes are divided into two groups (Haixiang et al., 2017): (1) the
level of algorithms, where the goal is to improve the classification algorithms; (2) data level,
where the goal is to balance the amount of data in the classes. The most commonly used
methods include data-level methods. As the research of the  Doctoral Thesis uses relatively
small  data  sets,  the  author  considers  methods to  increase the  number of  examples  in  the
smallest  class.  To avoid  duplication  of  examples,  the  SMOTE (Synthetic  Minority  Over-
Sampling  Technique)  method  is  proposed  (Chawla  et  al.,  2002).  The  SMOTE  method
synthesizes new examples from the smallest class examples. The SMOTE method has been
used to develop predictive models for at-risk students (Mulyani et al., 2019).

22



2.4. Features Used in Predicting Student Achievement

The author concludes that the features of students presented in the scientific literature are
diverse and can be divided according to the change of their values during the learning process
(Romero & Ventura, 2020):

1. C  onstant features   during training ‒ demographic and socio-economic data (gender, age,
region  of  residence,  economic  situation);  administrative  data  (information  about  the
educational institution and teachers, instructors) (Niet et al., 2016; Moncada, 2018).

2.  T  ime-varying features   ‒ student activity and interaction with the teacher and learning
environment  (navigation  data,  test,  task  and  exercise  data,  forum reports,  etc.);  students'
psychological and cognitive abilities (motivation, emotional states); students' self-assessments
of the learning environment and process-related activities (Cobos & Olmos, 2018; Herrera et
al., 2019; Maennel, 2020).

3. C  ombinations of time-varying and time-constant features  . (Mahboob et al., 2016).
Another important aspect in predictive modeling is how to choose the features to be used

for prediction:
1. The choice of features is based on a theory that substantiates the relationship between

predictors and outcome data. To benefit from learning analytics in the pedagogical process, it
is  important  to  understand how individuals  learn  when selecting  the  data  to  be analyzed
(Ferguson et al., 2016; Verhoeven et al., 2020). Previous research does not strongly indicate
the most appropriate theoretical framework for learning analytics (Nistor, 2015).

2.  The features are technically determined with the help of modeling tools. Using the
capabilities  of machine learning tools,  the features with which the model  has the highest
performance are determined (Márquez-Vera et al., 2013). In such cases, the disadvantage is
that the features can be determined by risk factors that cannot be changed during the learning
process.

An analysis of the scientific literature shows that when developing models for predicting
individual achievement, the goals are mostly limited to predicting whether the student will
complete the course or the student will have a successful final grade, but do not identify risk
factors  that  can  be  influenced  to  improve  student  achievement  (Cobos  &  Olmos,  2018;
Mahboob, 2016; Sorour et al., 2014).

The author concludes that there is no single set of features that can be taken over and used
in a model for predicting e-inclusion. To benefit from learning analytics in the pedagogical
process, when choosing the data to be analyzed, it is important to understand how individuals
learn and to make the choice of data (attributes) in relation to the individual learning process.
When choosing the attributes of the predictive model, it is important to choose the attributes
that  characterize  students,  which  reflect  preventable  risk  factors,  characterize  the  student
learning process, and are based on knowledge management theory.

2.5. Analysis of Models Predicting Students' Achievements

Some research provides information on predictive models that determine an individual's
level of ICT use. These models are mainly based on demographic factors or an individual's
personality traits and prior digital skills; these factors cannot be changed during the learning
process to prevent risk (Azcona et al., 2019; Akhtar et al., 2017; Guillén-Gámez et al., 2020a;
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Hidalgo et al., 2020; Verhoeven et al., 2020).
Data sets of different sizes have been used to develop predictive models, for example,

models for e-inclusion predictions have both 52 participants (Berkowsky et al.,  2017) and
17 000  participants  (Hidalgo  et  al.,  2020).  As  individuals  often  acquire  digital  skills  in
professional  development  and  non-formal  education  courses,  where  the  number  of
participants is relatively small, the author in the literature analysis focused on research where
prediction technologies have been used for small groups of students. The scientific literature
shows that relatively small data sets were used for models that predict student achievement
for model training; 76 student data sets (Suresh et al., 2016); 149 student data sets (Azcona et
al., 2019); or 273 student data sets (Baksa-Haskó & Baranyai, 2018). A study using a data set
of  students  containing  less  than  100  examples  concludes  that  a  combination  of  machine
learning methods and predictive models can reach as many as 97 100‒  % correctly predicted
at-risk students (Lykourentzou et al., 2009).

Prediction  methods  in  the  studies  available  in  the  literature  are  diverse, using  cluster
analyses (Luo et al., 2020),  linear regressions (Akhtar et al., 2017; Berkowsky et al., 2017;
Guillén-Gámez et al., 2020a; Xu et al., 2020); and  classification methods (Baksa-Haskó &
Baranyai, 2018; Buraimoh et al., 2021; Cobos & Olmos, 2018; Hidalgo et al., 2020; Pereira et
al., 2019; Suresh et al., 2016).

Studies reviewed in the literature have often used the accuracy of the prediction model as
a metric of performance (Alamri et al., 2019; Buraimoh et al., 2021; Mahboob et al., 2016).
The  precision,  recall,  F  measure  are  also  indicated  as  metrics  of  model  performance
(Márquez-Vera  et  al.,  2013).  Coefficients  of  determination  have  also  been  used  as
performance metrics depending on the chosen method (Berkowsky et al., 2017). The values of
the  performance  metrics  differ  for  the  algorithms  used.  Performance  metrics  of  models
created with the same classifier algorithm with different data sets and features are different.
This indicates that for each prediction task, an appropriate classifier algorithm must be found,
with which the model presents the best performance metrics. Research reveals that in order to
improve performance,  models use multiple classifiers, compare their  performance metrics,
and then select those classifiers with higher performance metrics or classification ensembles
for further use (Azcona et al., 2019). The analysis of the literature shows that the performance
metrics of models predicting student achievement range from 50 % to 100 %, depending on
the features used to characterize students and the algorithms used.

The author concludes that  it is not possible to directly use the models available in the
literature to predict an individual's e-inclusion process because the available studies do not
show a model, a set of attributes that would be transferable and reusable. The development of
models is influenced by both the purpose of the model and the context in which the learning
takes place. The content of the study, the environment, and the characteristics of the students
are important. The author's statement that it is not possible to adopt directly created models is
in line with the results of a study on the use of predictive models in 17 courses, where it is
concluded that it is not possible to reuse existing predictive models in other similar courses or
years (Conijn et al., 2017). One of the challenges in developing predictive models is to ensure
that models are not only for single use or per course, but can be generalized for a wider range
of courses (Hung et al.,  2019; Romero & Ventura,  2019). The author concludes that  it  is
necessary to use different data mining methods and to create several models to compare their
performance metrics in order to choose models with higher performance metrics.
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2.6. Predictive Information System Processes in the Context of Machine
Learning Technologies

An information system developed using predictive models based on machine learning
technologies is characterized by two main functions: model training and prediction (Berral et
al., 2010). In the prediction phase, the knowledge learned for the system is used to perform
the tasks assigned to the system (Ning et al., 2011). The  prediction stage also includes the
following activities  analysis of the obtained  ‒ information and interpretation of the results
(Halkidi et al., 2001). The final stage of the  prediction process is the action of the system
according to the obtained results (Ribeiro De Carvalho Martinho et al., 2013). For information
systems, the development of which is based on the use of machine learning technologies, the
quality maintenance function of the predictive model is also important (Studer et al., 2021).

Fig. 2.1. The main functions of predictive information systems: model training, prediction,
maintenance.

Conclusions on the e-inclusion predictive information system. The author concludes
that it must be ensured that the predictive e-inclusion system (Fig. 2.1):

• is  able  to  learn  using  data  characterizing  students,  finds  an  algorithm to  identify
students at risk;

• is able to predict students at risk.
An optional function of the system for predicting e-inclusion is to monitor and maintain

the developed model to ensure the quality of the prediction (Maskey et al., 2019).

2.7. The Process of Creating a Predictive Model and Its Application in the
Development of a Technological Model Predicting E-Inclusion

Learning  analytics  includes  the  following  key  processes:  acquire and  store  the  data;
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analyze data; provide information on the result of the analysis (Sclater, 2017). The learning
analytics process can be divided in 6 stages according to the CRISP-DM (CRoss-Industry
Standard Process for Data Mining) standard, if the predictive model is developed using data
mining methods (Baksa-Haskó & Baranyai, 2018). The main steps in creating a data mining
model are (1) to understand the problem area (business); (2) to understand the data; (3) to
prepare data; (4) to create a model; (5) to evaluate the model; (6) to deploy (implement) the
model. Although CRISP-DM is a data mining standard, it is widely used in the development
of machine learning-based software (Ekubo, 2020; Shearer, 2000). Based on the CRISP-DM
standard, the CRISP-ML (Q) (CRoss-Industry Standard Process Model for the Development
of  Machine Learning applications  with Quality  assurance  methodology)  method has  been
developed  for  the  development  of  machine  learning  models  and  their  quality  assurance
(Studer et al., 2021). The CRISP-ML method complements the CRISP-DM with a final stage,
which provides monitoring and maintaining the quality of the model.

2.8. Steps for the Development of a Model Predicting E-Inclusion

Based on Section 2.7, the author determines the stages of the development process of an
e-inclusion prediction model.

The  author  determines  the  business  understanding  stage  as  the  first  stage  for  the
development of an individual e-inclusion prediction machine learning-based system. Section
1  of  the  Doctoral  Thesis  includes  the  analysis  of  e-inclusion  processes  and the  business
objectives of the e-inclusion prediction model. The author determines that the second stage is
the research of predictive technologies to implement the business goals set for the e-inclusion
prediction model. The model must be able to identify risk factors that could affect student
achievement. Section 2 of the Doctoral Thesis defines the goals of data mining and machine
learning technologies and their application according to the business goals of the e-inclusion
process.

The author determines that the third stage is the choice of factors influencing e-inclusion
and the development of the prediction model. The development of a model also includes the
evaluation of the model using the cross-validation method and the comparison of the model
performance  metrics.  Section 3  of  the  Doctoral  Thesis  includes  the  stages  of  data
understanding and preparation and model development.

During  the  fourth  stage,  the  author  performs  model  evaluation  with  test  data,  which
includes prototype development, its operation with test data and evaluation. Section 4 of the
Doctoral Thesis contains the evaluation stage of the model predicting e-inclusion.

The fifth and sixth stages, which are not considered in the framework of the Doctoral
Thesis, are the full deployment and operation of the model in the production environment and
the monitoring and maintenance of the model.
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3. STUDY OF FACTORS AFFECTING INDIVIDUAL
E-INCLUSION AND PREDICTION MODELS IN THE

CONTEXT OF THE PROCESS OF KNOWLEDGE CREATION
AND TRANSFER

The section aims to create a model for predicting e-inclusion by performing the following
tasks:

1) using knowledge management theory, to determine possible factors,
2) using potential factors, to create a model with which it is possible to predict students at

risk of exclusion and to determine which factors should be used in the prediction model.
3)  to  determine  the  most  appropriate  model  for  predicting  student  e-inclusion  by

comparing model performance metrics.
Research on the development of a model (algorithm) predicting the e-inclusion has been

performed in accordance with the following methodology: (1) three different data  mining
methods were used sequentially (linear regression, cluster analysis, classification), and with
each of them, a prediction model was created, performance indicators for the prediction model
were evaluated, as well as whether the model could be generalized to digital skills courses; (2)
combinations  of  prediction models  have  been  developed,  it  has  been  assessed  for  which
combinations of models the performance indicators are  improving,  as well  as it  has been
assessed whether the model can be generalized to digital skills acquisition courses.

The studies described in this section are detailed in the author's publications [2]‒[7], [9],
[10].

3.1. Factors Based on Knowledge Management Theory and Influencing
E-Inclusion

The gap between knowledge and the practical application of knowledge
The gap between knowledge and the practical  application of knowledge is  one of the

reasons why employees in organizations, when returning from training courses, do not fully
use  newly acquired  knowledge to achieve the goals of the organization (Pfeffer & Sutton,
1999).  The  gap  between  the  existence  of  digital  skills  and  their  practical  application  is
considered to be the gap between knowledge and the practical application of knowledge in the
context of digital skills. We assume that the ideal situation is when the number of actual users
of the technology converges with the number of potential users (Becker et al., 2008).

Knowledge Flows in the Context of E-Inclusion
According  to  Nissen  (2006),  the  knowing-doing  gap  can  stem  from  problems  with

knowledge flows.
A knowledge flow has  three crucial  attributes:  direction (sender  and receiver),  carrier

(medium), and content (shareable)  (Zhuge, 2004). In the context of the e-inclusion process,
the knowledge sender is the instructor or the expert of digital skills; the receiver is the student
whose digital skills are improved by these means.

The development of ICT has enhanced the importance of technology within the learning
process.  Nowadays  traditional  forms  of  teaching and learning are  often  substituted  by  e-
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learning to achieve better learning outcomes (Mason, & Rennie, 2008). The carrier can be the
e-learning environment and the Internet.  Oye and his colleagues emphasize the role  of  e-
learning  environments  in  knowledge  transfer;  the  e-learning  environment  not  only  helps
students make sense of content, but it also enables on-going communication between students
and instructors (Oye et al., 2011).

Nissen stated that for knowledge to flow at the individual level, the instructor or expert
must be willing and able to share; the student must be willing and able to learn; and the
organization must be willing and able to help him/her do so (Nissen, 2006, p.11).

The e-inclusion of an individual is characterized by the fact that he has digital skills and
they are used meaningfully. According to Nisen's approach, in order for the knowledge about
digital skills to reach an individual, the instructor must be willing and able to share knowledge
about digital skills, the individual must be willing and able to learn and acquire digital skills;
the organization must be willing and able to assist the student (for example, by ensuring the
availability of technology) and the instructor in transferring and receiving knowledge.

The author proposes to use an approach where the probability that the newly acquired
digital skills will be meaningfully used (the individual will be e-included) is determined based
on the following factors: Factor 1  the degree ‒ to which the instructor is willing and able to
share knowledge;  Factor  2  the degree  ‒ to which the student  is willing to  learn; and the
learning capacity of the students; Factor 3  the degree  ‒ to which the organization supports
learning development; the degree to which the organization promotes learning.

Factor 1: Instructor's willingness and ability to share knowledge
The instructor's  willingness  to share knowledge is  understood as  the support  given to

students to facilitate learners’ needs. If students use an e-learning environment, then the role
of the instructor in sharing knowledge decreases. Knowledge sharing depends on the quality
of the content, i.e.,  learning materials,  and the usability of the e-learning environment for
convenient use of content and communication with the instructor. In our model, we proposed
that the instructor's ability to share knowledge determines the quality of e-course materials
and e-learning environment.

Several studies indicate that the instructor influences how students use ICT and how well
they are able to learn ICT (Quintana & Zambrano, 2014; Sundqvist et al., 2020). The impact
of  the  learning  environment  on  student  achievement  is  indicated  in  a  study  on  the
development of predictive models (Maennel, 2020).

Factor 2: Students’ willingness and ability to learn
Research identifies students' interest as an important motivating element that influences

learning  outcomes  (Subramaniam,  2009).  Studies  have  identified  student  motivation  as  a
prerequisite for acquiring digital skills (Hatlevik et al.,  2015). According to John Dewey's
theory (1913), learning outcomes depend on the student's interests.

The author describes the student's ability to learn with the student's previous experience,
which is reflected in the level of knowledge. According to the theory of constructivism, each
student  constructs new knowledge based on his or her existing experience (Powell  et  al.,
2009; Vedins, 2011).

Factor 3: Organizational support and promotion of learning development
In terms of this study, we assumed that the organization is non-biased against all students.

All students have the opportunity to complete an e-course for digital skills improvement. The
organization actively supports all students.
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3.2. Acquisition and Preparation of Data for Research on the Development
of Predictive Models and Evaluation of Possible Factors Influencing

E-Inclusion

767 teachers  of  vocational  education  institutions  who studied  the  module  “Increasing
Information Technology Skills  Competencies” in the period from November 2011 to May
2012, are involved in the research of this Doctoral Thesis. Eleven topics of the module were
used  for  Doctoral  Thesis.  For  some  studies,  sample  data  were  supplemented  with  data
obtained from 160 teachers of vocational education institutions, who in the period from 2014
to 2016 completed three courses of the study program "Education of Modern Interests"  ‒
Mobile Technologies, Robotics, and Video Technologies and Design.

The author used 25 surveys as  the data acquisition method. Surveys are an appropriate
form of feedback to improve student achievement (Prokofyeva et al., 2019). 24 questionnaires
were placed in the Moodle system during the training course. After completing the course, a
telephone survey was conducted or an e-mail survey was sent to students to find out the actual
use of digital skills for professional or private purposes.

Description of Variables and Attributes Used in the Research
Independent variables. Based on the theory discussed in Subsection 3.1, the author uses

two  factors  and  the  corresponding  independent  variables  to  characterize  the  e-inclusion
process (Table 3.1).

Table 3.1

Factors Characterizing the E-Inclusion Process and the Corresponding Independent Variables

Factor Independent variable Data acquisition

I.
Instructor's
willingness
and  ability
to  share
knowledge

Instructor’s willingness to share knowledge, IWS
Value: from 1 (very low) to 5 (very high)

Survey  after  the
course

Student’s evaluation of e-learning materials, ELM
Value: from 1 (completely dissatisfied) to 5 (completely satisfied)

Survey  after
completion  of
each topic

Student’s evaluation of e-learning environment  , ELE  
Value: from 1 (completely dissatisfied) to 5 (completely satisfied)

Survey  after
completion  of
each topic

II.
Student’s
willingness
and  ability
to learn

S  tudent’s willingness to learn  , SWL
Value: from 1 (no desire at all) to 5 (expressed desire)

Survey  before
starting  the
course

S  tudent’s ability to learn  , SAL
This  variable  is  interpreted  as  the  percentage  increase  in  the
student's level of knowledge
Variable  value:  0 %  (no  ability)  to  100 %  (excellent  ability)  or
scaled from 1 to 5

Survey  before
learning  each
topic
Survey  after
completion  of
each topic

In addition to the above-mentioned independent variables, the author uses the following
variable:

• S  tudent's general digital skills,   DS. This variable is derived from the student's self-
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assessment of his/her digital and Internet skills. Variable value: from 0 (no skills) to 1
(excellent skills). The value of the variable was scaled from 1 to 5.

Dependent variables.  To determine  the  degree  of  e-inclusion of  an individual  in  the
e-inclusion process, the author uses several characteristics that indicate the e-inclusion of the
individual: student's prognosis about the use of newly acquired skills, actual use of observed
skills, possible use of skills. Information about students'  self-predictions in the use of newly
acquired skills is considered important by the organizers of various online courses (Future
Learn, 2020), as well as predictions about the use of digital technologies are used in research
to  determine  individuals'  digital  competencies  (Kreijns  et  al.,  2014).  The  variables  that
characterize the degree of e-inclusion of the individual are given in Table 3.2.

Table 3.2

Characteristics of Dependent Variables

Dependent variable
Data acquisition

Student's self-prediction on whether the student will use the acquired 
skills for professional or private needs after completing the course, PU.
Value: from 1 (completely dissatisfied) to 5 (completely satisfied)

Survey after the course

Observed skills usage, OU. This variable is derived from the student's 
self-assessment of the use of newly acquired skills after the completion
of the course. The variable has three possible values:
0 ‒ No, I have not used any skills related to this topic at all
1 ‒ No, but I use skills at the same level as before the course
2 ‒ Yes, I use the newly acquired skills

Survey on the use of newly 
acquired digital skills, 
depending on the type of 
course, 4 to 8 weeks after 
the end of the course or up 
to 6 months after the end of 
the course.

Potential skills usage, PU&OU. The value of this variable is obtained 
by combining the values of the variables Student's self-prediction and 
Observed skills usage.
Variable value: from 1 (no probability) to 7 (there is a strong 
probability). The variable value for some studies was scaled from 1 to 
5

Survey after the course.
Survey on the use of newly 
acquired digital skills, 
depending on the type of 
course, 4 to 8 weeks after 
the end of the course or up 
to 6 months after the end of 
the course.

3.3. Development of a Model Predicting E-Inclusion Based on Linear
Regression Approach and Evaluation of Factors Influencing the Prediction

This study aims to test the extent to which the linear regression model, using predefined
possible e-inclusion factors that characterize the knowledge flow between the instructor and
the individual, can predict the degree of e-inclusion for VET teachers learning digital skills
under the guidance of an instructor in the e-environment.

Research questions:
1. What is the degree of correlation between the student's assessment of the instructor's

willingness to share knowledge and the student's degree of e-inclusion?
2. What  is  the  degree  of correlation  between  the  student's  level  of  satisfaction  with

e-learning materials and the student's e-inclusion level?
3. What is the degree of correlation between the student's level of satisfaction with the
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e-learning environment and the student's e-inclusion level?
4. What is the degree of correlation between the student's desire to learn and the student's

degree of e-inclusion?
5. What  is  the  degree  of correlation  between  the  student's  learning  abilities  and  the

student's degree of e-inclusion?
6. To what extent is it possible to predict the degree of student's e-inclusion based on the

student's level of interest and ability to learn, the student's level of satisfaction with e-learning
materials and e-learning environment and the instructor's willingness to share knowledge?

Data  analysis  method. To  find  out  the  relationship  between  e-inclusion  factors  and
e-inclusion degrees, the author uses a Pearson correlation coefficient. In order to create a
model predicting e-inclusion and to find out the influence of e-inclusion factors on the degree
of e-inclusion, the author uses multifactor linear regression analysis.  The compliance of the
variables with the normal distribution was checked.

Results: Correlations between e-inclusion factors and e-inclusion degree
According to Pearson's correlation calculations, the correlation coefficients between the

variables characterizing the e-inclusion factors and the variables characterizing the e-inclusion
degree range from 0.23 to 0.64.

Results: Linear regression-based model predicting e-inclusion
Correlation calculations show that linear regression models can be created to predict e-

inclusion using as outcome variable: (1) the student's self-prediction that after completing the
course the student will use the acquired skills for professional or private needs; (2) potential
use of skills after completion of the course. Correlation studies show that the relationship
between e-inclusion  factors  and an  individual’s  e-inclusion  level  varies  across  the  course
topics.

According to the research questions, it is concluded that it is possible to predict the degree
of student’s e-inclusion with factors, which can be expressed by the following variables ‒
student’s interest  level and ability to learn,  student’s satisfaction level with the e-learning
materials  and e-environment.  The  degree  of  student's  e-inclusion  in  the  linear  regression
model is measured in two ways: (1) as a student's self-prediction that the student will use the
acquired skills for professional or private tasks after completing the course; (2) as potential
use of newly acquired skills after completion of the course.

The results of linear regression modeling show that the models used for prediction and the
variables of e-inclusion factors are different for different courses. The results do not show a
single model predicting e-inclusion.

Predicted  usage  and  predictors. The  most  commonly  used  predictors  for  student’s
self-predicted usage are the following independent variables of Factor 1: Student’s evaluation
of e-learning  materials (43.75 %)  and  Student’s evaluation  of e-learning  environment
(37.5 %).

Factor 2 variable Student's willingness to learn affects the predicted usage relatively less,
it is included in the  models as the second factor 12.5 %.  Variable  Student's ability to learn
determined the predicted usage only in 6 % of models.

Potential usage and predictors. The most commonly used predictors for potential usage
are  the  following  independent  variables  of  Factor  1:  Student’s evaluation  of e-learning
environment (37.5 %),  Student’s  evaluation  of e-learning  materials (25 %),  and Student's
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ability to learn (25 %).
Factor 2 variable Student's willingness to learn affects the potential usage relatively less, it

is included in the models as the second factor 12.5 %.
The obtained results show that linear regression models can be used to predict the degree

of  e-inclusion of an individual.  With the obtained linear  regression e-inclusion prediction
models it is possible to explain the degree of individual e-inclusion from 13.1 % to 46.2 % of
the total number of variations. Since the linear regression method explains a relatively small
percentage, the author continues the research of e-inclusion  prediction models using cluster
analysis methods in Subsection 3.4.

3.4. Development of Clusters Characterizing an Individual's E-Inclusion
and Evaluation of Differences in the Factors Influencing E-Inclusion in the

Clusters

The study aims to find out (1) the possible e-inclusion factors, which characterize the flow
of knowledge between the instructor and the individual;  (2) the differences between VET
teachers who acquire digital skills under the guidance of an instructor in the e-environment
and have different degrees of e-inclusion.

Research questions:
1. How does the students' assessment of the instructor's willingness to share knowledge

differ for students who use the newly acquired digital skills after the end of the course, and for
students who do not use the newly acquired skills after the end of the course?

2. How does the level of student satisfaction with e-learning materials differ for students
who use the newly acquired digital skills after the end of the course, and for those students
who do not use the newly acquired skills after the end of the course?

3. How does the level of student satisfaction with the e-learning environment differ for
students who use the newly acquired digital skills after the end of the course, and for those
students who do not use the newly acquired skills after the end of the course?

4.  How does  the students'  willingness  to  learn  differ  for  students  who use the newly
acquired digital skills after the end of the course, and for those students who do not use the
newly acquired skills after the end of the course?

5. How does the students' learning abilities differ between students who use the newly
acquired digital skills after the end of the course and those who do not use the newly acquired
skills after the end of the course?

Data  analysis  method. To  group  VET teachers  based  on  their  characteristics  and  to
compare these groups according to several parameters, the author used an iterative distance-
based clustering approach known as  kMeans algorithm, where k  is number of clusters. It is
difficult to determine the optimal number of clusters (Hamerly & Elkan, 2003).

To determine the number of clusters for the  kMeans algorithm, the author used the  EM
(Expectation-Maximization)  algorithm,  as  well  as  empirically  determined  the  value  of k
(Osamor  et  al.,  2012).  The  author  performed  the  cluster  analysis  with  the  open  source
software WEKA. Students were divided into three clusters depending on their answer about
the usage of newly acquired skills: (1) I have not used any skills related to this topic at all; (2)
I use the skills at the same level as before the course; (3) I use the newly acquired skills.
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Results according to the research questions
Instructor's  willingness to share knowledge.  Students'  assessment  of  the  instructor's

willingness to share knowledge does not differ for students who continue to use the acquired
digital skills after the end of the course and for those students who do not use the newly
acquired skills after the end of the course.

E-learning materials.  The level of student satisfaction with e-learning materials  differs
for students who continue to use the acquired digital skills after the end of the course and for
those students who do not use the newly acquired skills after the end of the course.

A higher  evaluation of e-learning  materials  indicates  that  students  use newly acquired
digital skills. To achieve the goals of the e-inclusion process, it is necessary to ensure in the e-
learning environment that the study materials are adapted to the needs of the student.

E-learning  environment.  The  level  of  student  satisfaction  with  the  e-learning
environment differs for students who continue to use the acquired digital skills after the end of
the course and for those students who do not use the newly acquired skills after the end of the
course. The highest score of 4.5, which is close to the maximum possible of 5.0, indicates that
the student belongs to a cluster of students who will continue to use the newly acquired skills,
while the lowest scores are close to the ratings of other clusters  of students  that do not use
them. The author concludes that attention should be paid to how the student feels in the e-
learning environment.

Student's willingness to learn. Students' willingness to learn does not differ for students
who continue  to  use the  acquired  digital  skills  after  the  end of  the course and for  those
students who do not use the newly acquired skills after the end of the course.

Student's ability to learn. Students' learning abilities differ for students who continue to
use the acquired digital skills after the end of the course and for those students who do not use
the newly acquired skills after the end of the course.

The obtained results show that the ability  of  some students who use the newly acquired
skills to learn is higher than the values of other student clusters. But for some students who
also continue to use their newly acquired digital skills, their ability to learn is the lowest. The
low ability of students to learn can be explained by the fact that the in the beginning the
student’s self-assessment of his knowledge of the topic has been relatively high or even the
highest. Therefore, the student has not had the opportunity to show that his knowledge of the
topic has increased.

The results of the cluster analysis indicate that students can be divided into clusters based
on the way   how     they   use the newly acquired digital skills after completing the courses.   The
centroids of the variables characterizing students are different for different clusters, however,
it can be observed that those clusters of students who use newly acquired skills have higher
values of centroids  compared to those clusters where students do not  use newly acquired
skills. The author concludes that cluster analysis can be used to predict student e-inclusion
using individual e-inclusion factors.

3.5. Modeling an Individual’s E-Inclusion with Classification Algorithms
and E-Inclusion Factors

The study aims to find out to what extent, using classification-based methods and pre-
defined factors characterizing an individual's e-inclusion, it is possible to predict e-inclusion
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for teachers of vocational education institutions who acquire digital skills under the guidance
of an instructor.

Research questions:
1.  To  find  out  which  classifiers  generate  e-inclusion  predictive models  with  higher

performance indicators.
2.  To find  out  if  there  is  a  classifier  with  which  the  generated  e-inclusion  predictive

models have the highest performance indicators for all training courses.
3. To find out how the performance indicators of the models differ for different types of

data sets.
The author prepared 12 data sets for the research. Data sets contain the records of all

students or contain only the records of students who have the technology to use the newly
acquired skills. The data sets were also balanced. The datasets were created for each of the
courses: Mobile Technologies, Robotics, and Video Technologies and Design.

Method  of  creating  a  predictive  model.  In  order  to  classify  VET  teachers  into
e-included and  not e-included, 5 classification models were developed using the following
classifier generation algorithms: NaiveBayes, SimpleLogistic, LWL, OneR, and LMT in the
Waikato Environment for Knowledge Analysis (WEKA) platform.

To evaluate the performance of the developed classification models, the author uses the
methodology of the confusion matrix and determines F1 measures. 10-fold cross-validation is
used to evaluate classification models predicting e-inclusion (Yadav & Shukla, 2016).

Results: Modeling of individual’s e-inclusion with classifiers and e-inclusion factors
According to the research question, it has been found that different types of data sets have

different performance indicators for the F1 measure. The F1 measure obtained in the study
confirms that balancing the  data  set  before  the  classification  model  generation  procedure
improves  the  performance  results for  the  classification  models,  especially  the  models
generated by the lazy.LWL algorithm.

The study compares five different classification models and finds that (1) models that use
balanced data sets and (2) students who have access to technology have the best performance
for the F1 measure.

According to the research question, it  has been found that  there is no single classifier
generation  algorithm  with  which  the  classification  models  show  the  best  performance
indicators  in  all  three  training  courses. The  classification  model  created  with  the  LMT
algorithm has the highest F1 measure of 0.842 in the Robotics course. In the course of Mobile
Technology, the highest F1 measure is 0.818 for the classification model created with the
lazy.LWL algorithm, but in the Video Technology and Design course, the highest F1 measure
is 0.804 for the classification model created with the LMT algorithm.

According  to  the  research  question,  it  has  been  found  that  out  of  all  five  classifier
generation algorithms used two can be highlighted: lazy.LWL and LMT   ‒   the models created  
with these algorithms showed the highest performance   metrics  .  

In addition, the models created with lazy.LWL and LMT algorithms for balanced data sets
showed the highest  average F1 measure  of  all  study courses:  the average F1 measure  of
lazy.LWL classification  models  is  0.768,  the  average  F1  measure  of  LMT classification
models is 0.770. Thus, it can be considered that lazy.LWL and LMT classification models can
be used for various digital skills development courses.
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The performed research allows concluding that the factors of individual e-inclusion with
classification methods allow predicting the individual e-inclusion and that it  is possible to
train the model predicting the individual e-inclusion using classifier development algorithms.
The results of the study did not confirm that any of the classifier algorithms used to generate
the classification models show the highest performance in all three courses.

Based on these conclusions, the author conducts research in the next subsection, creating a
model for predicting an individual's e-inclusion, training it with data sets that combine data
from several digital skills courses.

3.6. Development of an Algorithmic Model Predicting the E-Inclusion of an
Individual

The study aims to combine linear regression, cluster analysis and classification methods to
create a model that predicts individual’s e-inclusion with the highest possible performance
indicators while recognizing as many students at risk of digital exclusion as possible.

Research questions:
1. For which combinations of linear regression, cluster analysis and classification models,

the performance indicators of the e-inclusion predictive model are higher?
2. What percentage of all VET teachers at-risk of digital exclusion who acquire digital

skills can the model predict as belonging to the group at risk?
3. What percentage of the predicted VET teachers at-risk of digital exclusion belong to the

at-risk group?
Method  of  creating  a  predictive  model. In  order  to  create  a  model  predicting  an

individual's  e-inclusion,  three  models  were  developed  by  training  them  with  a  data  set
containing data from various digital skills development courses: (1) model based on classifier
ensemble, (2) model based on cluster analysis, (3) model based on linear regression.

Then combinations of these three models were developed, looking for combinations with
the highest performance metrics but taking into account the condition that the model should
be able to recognize as many students at risk of digital exclusion as possible.

The  author  used  the  WEKA platform  to  train  models  (Frank  et  al.,  2009).  Model
performance was assessed using recall, precision, F1 measure, and F2 measure. 10-fold cross-
validation is used to evaluate the model predicting e-inclusion.

Prediction Model M1: a Model Based on Classification Ensemble
Based on the previous results that the models generated by lazy.LWL and LMT algorithms

have  the  highest  performance  and  their  combination  with  the  models  created  using
algorithms:  NaiveBayes,  Simple  Logistic  and  OneR,  the  author  determined  the  model
combinations with the highest performance metrics (F1 and F2 measures). Model M1 is an
ensemble classifier that combines:

1) 4 classification models developed with lazy.LWL (with Random Forest), LMT, OneR,
and Simple Logistic algorithms, using the majority voting approach, if  the F1 measure is
considered as the model performance criterion;

2) 3 classification models developed with lazy.LWL (with Random Forest),  LMT, and
Simple  Logistic  algorithms  using  the  majority  voting  approach,  if  the  F2  measure  is
considered as the model performance criterion.
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Prediction Model M2: a Model Based on Cluster Analysis
The  prediction model M2 is developed using a cluster analysis approach. The  kMeans

cluster  analysis  method  is  used  to  group  students into  2  clusters  (e-included and  not
e-included).

Prediction Model M3: a Model Based on Linear Regression
The linear  regression  model  predicts  the degree  of  e-inclusion  as  a  percentage  of  the

maximum  possible  degree.  To  determine  the  individual's  e-inclusion  level  threshold,  the
predicted e-inclusion level was compared with the actual observation of whether the student
corresponds to the class e- included or not e- included. The author concluded that the highest
value  of  F1 measure  is  when  the  degree  of  e-inclusion  is  75%,  the  highest  value  of  F2
measure is when the degree of e-inclusion is 85 % (Fig. 3.1).

Fig. 3.1. Changes in performance metrics depending on the predicted degree of e-inclusion.
Determining the e-inclusion threshold.

The  prediction Model M3 is a multifactor linear regression model that assumes that the
learner is at risk of digital exclusion:

1) if  the  predicted degree of  e-inclusion is  less  than 75 % and the F1 measure is  the
determining metric;

2) if  the predicted degree of e-inclusion is  less  than 85 % and the F2 measure is  the
determining metric.

Combinations of E-inclusion Models
The author studied how to improve recall and to reduce the number of students the model

predicts  as e-included, but  in reality,  students are  not e-included.  The author  created four
additional models: Models M4,  M5, M6, M7. These models are combinations of Model M1,
M2  and  M3  which  are  based  on  changing  the  prediction  value  from  e-included to  not
e-included if the prediction value of the second (added) model is not e- included. Thus, as a
result of prediction, the recall increases, and the number of students who are at risk of digital
exclusion and who are recognized by the model as students at risk increases.

Results: F1 Measure as a Key Performance Indicator
The obtained results (Fig. 3.2) show that the F1 measure is the highest for the model that

combines a classifier ensemble and model based on clustering.
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The highest F1 value of 0.812 is for Model M4, which is obtained by combining Model
M1 and Model M2. Model M1 uses classification models based on algorithms lazy.LWL,
LMT, OneR and Simple Logistic, combining them with the ensemble and majority voting
method.  Model  M2 is  a  kMeans  cluster analysis  model  where  students  are  grouped into
e-included and not e-included clusters. The recall of the M4 model is 0.828, the precision is
0.796.

Fig. 3.2. F1 measure, precision, recall values for e-inclusion prediction models considering
recall and precision with the same importance.

Results: F2 Measure as a Key Performance Indicator
The obtained results (Fig. 3.3) show that the performance indicator  F2 measure is the

highest  for  models  obtained by combining a  classifier  ensemble  with  a  linear  regression
model or a classifier ensemble with a linear regression model and a cluster analysis model.
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Fig. 3.3. F2 measure, precision, recall values for e-inclusion prediction models considering
recall more important than precision.

The highest F2 measure value 0.865 is for Models M5, M6 and M7. Model M5 is obtained
by  combining  Models  M1  and  M3.  Model  M1  uses  classification  models  based  on  the
lazy.LWL, LMT and Simple Logistic algorithms, combining them with the ensemble method
and using the majority  voting method. Model  M3 is  a linear  regression model  where the
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learner is considered to be e-included if his e-inclusion degree is higher than 85 %. Models
M6 and M7 are the result of a combination of Models M1, M2, and M3. A combination of
classification,  cluster  and linear  regression  methods has  been used  for  these  models.  For
ModelsM5, M6, and M7, the recall is 0.984 and the precision is 0.582.

The author concludes that if the goal is to cover as many students at risk as possible, then
the  classifier  ensemble  method  combined  with  a  linear  regression  model  or  with  cluster
analysis  and  linear  regression  model  is  appropriate.  Such  a  model  is  able  to  recognize
98.40     %   of those who are digitally excluded, but at the same time, only    58.20     %   of those  
who are predicted to be digitally excluded are true students at risk.

If   precision   and recall are equally important, then the highest performance indicators can  
be obtained by combining the classifier ensemble model and the cluster analysis model. This
prediction model recognizes  82.80 % of digitally excluded students and is able to correctly
predict 79.60 % of those students who are predicted as at-risk students.

Determining Individual’s E-Inclusion Risk Factors
In order to determine the risk factors of a particular student, the author uses the values of

cluster centroid as values that must be reached for the attributes of a particular student for the
student to correspond to the e-included group (Fig. 3.4).

Fig. 3.4. Centroids for e- included and not e-included student clusters in the M2 model.
Cluster “0” is for the e-included class, cluster “1” is for the not e-included class. Attributes

are students' self-assessments. SWL ‒ student’s willingness to learn, DS ‒ digital skills level,
SAL ‒ student's ability to learn, ELM ‒ student’s evaluation of e-learning materials, IWS ‒

instructor's willingness to share knowledge, ELE ‒ student’s evaluation of e-learning
environment, PU ‒ student's self-prediction that the student will use the newly acquired skills.

A second view of student risk factors is provided using the linear regression Model M3.
The obtained coefficients of the linear regression model are given in Fig. 3.5.

Fig. 3.5. Values of linear regression model coefficients of Model M3. Attributes are students'
self-assessments. SWL ‒ student’s willingness to learn, SAL ‒ students' ability to learn,

ELM ‒ student’s evaluation of e-learning materials, ELE ‒ student’s evaluation of e-learning
environment. PUOU ‒ potential value of e-inclusion degree.

Linear correlation coefficients indicate that student characteristics have different effects
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on  prediction.  E-learning  materials  and  student  motivation  have  a  greater  impact,  the
e- learning environment and the student's ability to learn have a smaller impact. Depending on
the attributes of a particular student, it is possible to determine with a linear regression model
which are the determining risk factors for the student.

Predicting the e-inclusion of VET teachers, the author believes that it is more important to
recognize as many representatives of the risk group as possible (greater recall) than to ensure
greater  precision of  the  model  but  not  to  notice  individuals  at  risk.  Comparing  the
performance indicators of the models, the author concludes that the highest recall value, while
maintaining the highest overall performance of the model, is in the case when the determining
performance  indicator  is  F2  measure  and  prediction  is  based  on  Models M5,  M6,  M7,
obtained by combining a classifier ensemble with a linear regression model or a classifier
ensemble with a linear regression model and a cluster analysis model.

4. TECHNOLOGICAL MODEL AND ITS EVALUATION FOR
PREDICTING INDIVIDUAL E-INCLUSION

The section aims to evaluate the algorithmic model predicting e-inclusion by deploying it
in the prototype of the e-inclusion prediction system.

To achieve the goal, the following tasks have been performed:
1) the software requirements of the e-inclusion prediction system are defined;
2)  a  prototype  (technological  model)  of  the  system  predicting  e-inclusion  has  been

developed  following the specified requirements, deploying an algorithmic model predicting
e-inclusion in it;

3)  the  algorithmic  model  predicting  e-inclusion  and  the  developed prototype  are
evaluated.

The author's publications on the research described in this section are available [8], [11].

4.1. Functional Requirements and Main Principles of the System
Predicting E-Inclusion

Goals of the E-Inclusion Prediction System
The main goal of the e-inclusion prediction system is to identify students at risk of e-

inclusion. The first sub-goal is to build a knowledge base consisting of a database of training
examples and a trained prediction model. The second sub-goal is to predict students at risk of
digital  exclusion based on the pre-defined e-inclusion threshold and calculations  obtained
using a  prediction  model.  If  the  student  is  at  risk of  being  excluded,  then  the  task is  to
determine  what  factors  affect  student  performance.  The  third  sub-goal  is  to  monitor  the
performance quality of the prediction model.

Functional Requirements for the E-Inclusion Prediction System
According to the goals of the system, the main functional requirements for the e-inclusion

prediction system are:
1. Predict students at risk of digital exclusion
2. Ensure the quality of results – maintain the performance of prediction model
3. The interface must be simple and easy to use
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E-Inclusion Prediction System Basic Processes and Data Flows Between Them
Figure  4.1  presents  a  context-level  data  flow  diagram  for  the  e-inclusion  prediction

system.  The main  user  of  the  e-inclusion  prediction  system is  an  instructor  who teaches
students in the blended e-learning courses. The instructor sets values of the e-inclusion degree
threshold level and receives information on risk students and risk factors. The e-inclusion
prediction system receives student data and the topic from the learning management system
(LMS). To get feedback from students on the usage of the learned skills, the  system sends
SMS  messages  to  students'  smartphones.  The  decision  to  use  the  SMS  approach  for
communication with students is based on previous experience delivering blended learning
courses by the multi-screen approach. Then the database is supplemented with data on the
actual use of newly acquired skills.

Fig. 4.1. Context-level data flow diagram showing the relationship between the e-inclusion
prediction system, instructor, LMS, and SMS system.

Algorithm for predicting student e-inclusion
The e-inclusion predictive algorithm consists of algorithm of e-inclusion prediction model

training process, a prediction process algorithm, and a performance monitoring algorithm.
Algorithm of e-inclusion prediction model training process. Figure 4.2 shows the training

process  of  the  e-inclusion  prediction  model.  To  obtain  the  e-inclusion  prediction  model
PROGN, the first three different prediction Models M1, M2 and M3 are trained, then the
optimal combination of these models is determined and the final prediction function PROGN
= f (M1, M2, M2, e-inclusion threshold) is calculated.

Model M1 is  a prediction model  that combines  classification models created with the
following algorithms in the classification ensemble  ‒ lazy.LWL with Random Forest, LMT
and Simple Logistic algorithms, using the majority voting approach. The prediction Model
M2 uses the kMeans clustering algorithm; it divides students into two clusters, where each of
the clusters corresponds to e-included or not e-included students. The prediction Model M3 is
a multifactor linear regression model that predicts the learner’s e-inclusion level according to
a predefined threshold.
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Fig. 4.2. The training process of an individual’s e-inclusion prediction model (algorithm)
using three model training and PROGN function calculation.

The PROGN function finds the optimal combination of three models’ predictions (Fig.
4.3). If Model M1 predicts that the student will not be digitally included, then the final result
will  be that the student is  at  risk. If Model M1 predicts  that the student will  be digitally
included, then the next step is to test the prediction of Model M2. If Model M2 predicts that
the student is not digitally included, then the final result is again that the student is at risk.
Model M3 is similarly tested. This approach is chosen to cover as many students as possible
who are potentially at risk. In only one case the system predicts that the student is not at risk,
i.e., if all three models predict that the student is digitally included.
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Fig. 4.3. Process of determining the final prediction PROGN based on predictions of Models
M1, M2, M3.

Algorithm of e-inclusion prediction process. The algorithm of the prediction process for
the e-inclusion of a specific student is given in Fig. 4.4. To make a prediction, it is necessary
to know the topic, student data, the pre-defined e-inclusion threshold and to have a trained
model with which to make the prediction. If the model predicts that there is a risk of digital
exclusion for the student, the risk factors for the particular student are identified, such as the
e-learning environment or e-learning materials, or the instructor's ability to share knowledge.
The value of the prediction and the risk factors are shown to the instructor so that he can
decide on further actions, for example, to change something in the communication with the
student, or to offer other study materials, etc.

The level of precision of the prediction is determined as follows. If the model makes a
prediction based on Model  M1, then according to  Subsection 3.6.  the level  of  prediction
precision is high. If the model uses a combination of Models M1 and M2 for the prediction,
then the level of precision is average. If the prediction is based on a combination of Models
M1, M2, M3, and if the student is predicted to be at risk, then the level of precision is low, but
if the student is predicted to be not at risk, the level of precision is high.

Algorithm of the process of monitoring the performance of the prediction model. The
process  of  monitoring  the  performance of  the  prediction  model  to  determine  whether  re-
training of the model is required is as follows. The database of examples is updated so that it
can be used to evaluate the performance of the model and to retrain the model. At a certain
time (e.g. 8‒10 weeks) after  processing the student's data, the system sends the student a
question about the real use of digital skills. The answer is recorded in the example database.
At predetermined time intervals, the performance of the model is evaluated, if the quality of
the model decreases, the predictive model is retrained by system.
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Fig. 4.4. Algorithm of student e-inclusion prediction process.

4.2. Prototype of E-Inclusion Prediction System

The prototype is web-based software using the JAVA programming language and open
source software WEKA libraries. The prototype is based on a 3-tier application architecture
that consists of a presentation tier, an application tier and a data tier.

The  prototype  is  an  early  version  of  the  e-inclusion  system and consists  of  the  base
functionality.  The  main  task  of  the  e-inclusion  prediction  prototype  is  to  provide
functionalities that inform instructors about at-risk students and evaluate the performance of
the basic functionality of the e-inclusion prediction system.

The main functionality of the e-inclusion prediction system for the instructor: to set an e-
inclusion degree threshold, to search for students, to display prediction results for students (e-
included or not e-included); to display factors impacting the prediction result (for example,
student motivation, student self-evaluation of learning materials or e-learning environment;
download prediction results (Fig.4.5).
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Fig. 4.5. Prototype view of different types of the results predicting the risk to be digitally
excluded for learners and presenting the level of precision for the prediction.

The prototype development aims to evaluate the compliance of the basic functionality of
the e-inclusion prediction system with the goals set for the system.

4.3. Evaluation of Algorithmic Prediction Model and Prototype

To evaluate the predictive algorithmic model and prototype of e-inclusion,  a 160-hour
curriculum was used to improve teachers' digital skills. Educators specialized in one of three
topics: robotics technology, video technology, mobile technology.

A data set of 65 student records has been prepared for the evaluation of the model and
prototype. The data set has not previously been used for predictive model training. To check
the correspondence of the model  prediction to  the real  situation,  4 to  6 months after  the
acquisition of the program, information was obtained from the learners whether they use the
newly acquired skills.

Evaluation of the Model Predicting E-Inclusion
The study aims to  evaluate  the model  predicting e  -  inclusion   by comparing the model

prediction on the use of digital skills with the real use of newly acquired digital skills for VET
teachers.

The evaluation of a model based on a machine learning approach includes its evaluation
according  to  the  requirements  of  the  machine  learning  task  (performance  and  robustness
assessment)  (see Section 2)  and business  objectives  (Ashmore et  al.,  2019;  Studer  et  al.,
2021).

To determine the performance of the model predicting e-inclusion and whether the model
meets its objectives, the following research questions have been studied:

1. What percentage of all VET teachers at-risk of digital exclusion who acquire digital
skills can the model predict as belonging to the group at risk?

2. What percentage of predicted VET teachers at-risk of digital exclusion belong to the
risk group?

3. To what extent is it possible to predict using model (without significantly lowering the
performance indicators of the model) e-inclusion for individuals who acquire digital skills in
courses that are different from the courses with which data the predictive model is trained?

Results. The prediction of students who will or will not use the newly acquired skills and
the actual number of skills users are shown in the confusion matrix (Table 4.1). As can be
seen in the table, the model did not recognize only 3 students (out of 31 students) who are at
risk and have not used the newly acquired skills.
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Table 4.1

Confusion Matrix of the Model Predicting E-Inclusion: Model Predictions and the Observed
Situation Regarding the Use of Newly Acquired Skills

n = 65
Prediction that the

newly acquired skills
will not be used

Prediction that the
newly acquired skills

will be used

Do not really use newly
acquired skills

28 3 31

Really use newly
acquired skills

13 21 34

41 24

The recall of the model predicting the e-inclusion 0.903, which means that the model is
able to predict as belonging to the risk group 90.30 % of all teachers of vocational education
institutions at risk of digital exclusion who acquire digital skills. The precision of the model is
0.683,  which  means  that  in  reality,  68.3 %  of  the  educators  of  vocational  education
institutions in the digital exclusion risk group belong to the risk group. As the model predicts
at-risk students, it can be concluded that the model fulfills its business objectives.

The  value  of  the  F2  measure is  0.848  and  the  accuracy  of  the  model  is  0.754.  The
performance of the model meets the above requirements and can be considered high enough
to be used in prediction. The performance indicators of the model correspond to the indicators
of student achievement prediction models in various machine learning techniques indicated in
the scientific literature.

Evaluation of the Drift of the Model Predicting E-Inclusion
The study aims to evaluate the   drift   of the e  -  inclusion prediction model and its constituent  

models by comparing the performance metrics of training and test data sets. F measure, recall
and precision of the model are evaluated.

To evaluate the drift of the model predicting e-inclusion, the following research questions
have been studied:

1. By what percentage does the recall of the model and base models change?
2. By what percentage does the precision of the model and base models change?
3. By what percentage does the F measure of the model and the base models change?
F2 measures for training and test data sets were compared. The F2 measure was higher for

the training data set, but the difference was small  it decreased by 1.47‒  %. The F2 measure of
the training set  is  86.31 %, for the test  set   84.83‒  %. The difference for the recall  is  as
follows: for the training set the recall value is 95.63 % and for the test set the recall value is
90.30%. The recall of the test set has decreased by 5.33 %. The precision for the test set is
68.30%, but for the training data set it is 62.09 %. In contrast to the recall, the precision rate
has increased by 6.21 %.

In the case of a combination of Models M1 and M2, the F2 measure for the training set is
82.35 %, but for the test set  82.28‒  %. For the combination of M1 & M2 models, the recall
value of the training set is 83.45 %, but for the test set it is 83.87 %. The recall has increased
by 0.42 % for the test set. For the combination of M1 & M2 models, the precision for the test
set is 76.47 %, but for the training set the precision is 78.23 %, the precision value for the test
set has decreased by 1.76 %.
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In the case of Model M1, the F2 measure is 79.98 % for the training set and 79.59 % for
the test  set.  The F2 measure has decreased by 0.39 %. The difference for the  recall is  as
follows: for Model M1 the recall for the training set is 79.50 %, but for the test set the recall
value is higher  80.60‒  %. The  recall value for the test  set  has increased by 1.10 %. The
precision of Model M1 for the test set is 75.80 %, but for the training set the  precision is
81.80 %. The precision value for the test set has decreased by 6.00 %.

Comparisons  of  model  performance  with  training  and  test  data  sets  reveal  small
differences.  The test  data resulted in both higher and lower performance compared to the
training data.  The total  model  quality  indicator  F2 measure has reduced its  value for the
models by 0.07 %, 0.39 %, or 1.47 %, these are small changes that do not significantly affect
the model result. Thus, it can be concluded that the model has maintained its quality.

E-Inclusion Prediction Prototype Evaluation
The  compliance  of  the  prototype  predicting  the  e-inclusion  with  the  functional

requirements is given in Table 4.2.

Table 4.2

Compliance of the Prototype Predicting the E-Inclusion with the Functional Requirements

Requirement Evaluation

Predict students at risk of digital 
exclusion

Evaluation of prediction results confirms the performance of the 
model, that is, the ability to predict students at risk.

Ensure the quality of results ‒ 
maintain performance of 
prediction model

The model drift evaluation confirms the quality of the model 
performance.

The interface must be simple and 
easy to use

Compliance is justified by the fact that the prototype interface 
provides easy navigation between menus (prediction pages, etc.).

Evaluating the  functionality  of  the  prototype,  it  can  be  concluded  that  it  meets  the
requirements.

RESULTS AND CONCLUSIONS

The Doctoral Thesis aimed to develop a model that predicts an individual's e-inclusion in
the e-learning environment.

To achieve the goal of the Doctoral Thesis, the following tasks were set.
1. To develop an algorithmic model predicting e-inclusion of individuals:
A.  To  analyze the  scientific literature  and  other  sources  related  to  the  e-inclusion

processes.
B.  To  analyze the  scientific literature  and  other  sources  related  to  the  predictive

technologies and methods.
C. To create an algorithmic model predicting e-inclusion of individuals.
2. To create a technological model (prototype) predicting e-inclusion of individuals.
3. To evaluate the technological model predicting the e-inclusion of the teachers of the

vocational education institutions.

The following theoretical results were obtained by performing the set tasks:
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• the  theoretical  basis  for  the  development  of  the  predictive  model  of  individual
e-inclusion has been developed;

• the algorithm and model for predicting the e-inclusion of an individual and the risk
factors influencing it have been developed;

• the technological model of e-inclusion has been developed for the prediction of an
individual's e-inclusion risk, based on data characterizing the individual.

The following practical result was obtained:
• the model predicting an individual's e-inclusion has been developed and evaluated,

which allows it to be used for further research in the field of e-inclusion.

Performing the tasks set in the Doctoral Thesis and approbating the obtained results, the
following conclusions have emerged:

• Digital  skills  are  an  essential  precondition  for  the  e-inclusion  of  the  individual.
Improving individuals' digital skills also contributes to other e-inclusion policy goals.
However, access to technology and the existence of digital skills do not guarantee that
an individual will use these technologies. Only the meaningful use of digital skills
indicates an individual's inclusion.

• E-inclusion  is  important  for  everyone,  including young people,  employees,  people
planning to change occupations and educators who need technology in their teaching
process.

• Learning  analytics  capabilities  contribute  to  digital  education  and  to  ensuring  the
e-inclusion of the individual in the context of digital skills acquisition.

• The e-inclusion of an individual in the context of digital skills acquisition is 
influenced by the following factors:
◦ student's willingness to learn,
◦ student's ability to learn,
◦ instructor's willingness to share knowledge,
◦ satisfaction with e-learning environment,
◦ satisfaction with e-learning materials.

• Individual’s  e-inclusion  can  be  predicted  by  a  linear  regression  model,  a  set  of
classifiers, and by using cluster analysis. Combining of e-inclusion prediction models
improves the model performance.

• If the goal is to cover as many at-risk students as possible in the prediction, then the
classification  ensemble  method  with  a  majority  voting  approach  combined  with  a
linear  regression  model  or  with  cluster  analysis  and  linear  regression  model  is
appropriate. Such a model can recognize 98.40 % of those who are digitally excluded,
but at the same time only 58.20 % of those who are predicted to be digitally excluded
are true students at risk. Testing the e-inclusion system prototype, the model was able
to predict as belonging to the risk group 90.30 % of all VET teachers in the digital
exclusion  risk  group  who acquired  digital  skills.  The  precision  of  the  model  was
68.3%  ‒ so many of the educators at risk of digital exclusion belonged to the risk
group.

• If  precision and recall  are equally important,  then the highest performance can be
obtained by combining a classifier ensemble model and a cluster analysis model. This
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prediction model recognizes 82.80 % of digitally excluded students and can correctly
predict 79.60 % of those students who are projected as at-risk students.

• The degree of e-inclusion of an individual affects the recall and precision values of the
prediction model. Changes in the e-inclusion threshold in the linear regression model
affect the recall and precision values. The higher the e-inclusion threshold, the more
at-risk students the model will be able to recognize, but at the same time the model
will become less accurate in identifying at-risk students.

• Using the cluster analysis and linear regression model, it is possible to determine the
risk factors influencing the e-inclusion of a particular student and their  values that
correspond to the class of e-included individuals.

• A model for predicting an individual's e-inclusion has been trained with a data set
containing  data  from  various  digital  skills  courses.  The  model  can  be  used  for
predicting within courses other than the training data set.

The obtained conclusions confirm the theses:
1.  The  e-inclusion  of  an  individual  can  be  predicted  using  linear  regression,  cluster

analysis, classifiers and artificial intelligence methods.
The  obtained  results  show  that  the  combination  of  e-inclusion  prediction  models

developed with linear regression, cluster analysis, classifier algorithms improves the model
performance indicators.

2.  The degree of  e-inclusion of  an individual  can be predicted technologically  by the
following factors: the level of individual's satisfaction with the e-learning environment and e-
learning materials used by the individual to acquire new digital skills, the individual's ability
and interest  in  learning of  the new digital  skills,  and the instructor's  willingness  to  share
knowledge.

The obtained results show that the factors differ in the forecasting models.  The linear
regression model uses the following factors:

◦ student's willingness to learn,
◦ student's ability to learn,
◦ satisfaction with e-learning environment,
◦ satisfaction with e-learning materials.

The  correlation  coefficients  of  the  linear  regression  model  indicate  that  the  student's
characteristics  have  a  different  effect  on  the  prognosis.  E-learning  materials  and  student
willingness to learn have a greater impact, the e-learning environment and the student's ability
to learn have a smaller impact.

A prediction model based on cluster analysis or developed by an ensemble of classifiers
uses the following factors:

◦ student's willingness to learn,
◦ student's ability to learn,
◦ satisfaction with e-learning environment,
◦ satisfaction with e-learning materials,
◦ instructor's willingness to share knowledge,
◦ student’s general digital skills.

3. The e-inclusion prediction model can be used for the prediction of the VET teachers’
degree of e-inclusion during the acquisition of digital skills with a model recall of 90.3 % and
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F measure of 84.8 %.

Directions for further research:
• Improvement of the individual’s e-inclusion prediction model by obtaining the data

from the e-learning system log files.
• Making a prediction as quickly as possible, based on the individual's previous learning

outcomes in digital skills courses.
• Improvement  of  the  individual  e-inclusion  prediction  prototype  to  ensure  its

robustness.

Novelty, theoretical and practical significance of the Doctoral Thesis:
1.  Theoretical  and practical aspects  of e-inclusion prediction model  development have

been studied.
2.  A technological  model  of  e-inclusion  has  been  developed  for  the  prediction  of  an

individual's  e-inclusion risk,  based on data  characterizing the individual  in  the process of
acquiring digital skills.

3. A model for predicting the inclusion of an individual and the risk factors influencing it
has been  developed.  The  model contains  a  new  technology  (algorithm)  based  on linear
regressions, cluster analysis, classification methods to determine the individual's e-inclusion
risk and the factors influencing it.

4. The result of the  Doctoral Thesis is practically usable for instructors in the blended
learning course of digital skills acquisition.

5.  The  result  of  the  Doctoral  Thesis is  practically  usable  for  information  system
developers in the development of e-learning systems, student behavior analysis tools, learning
analytics tool.
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