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Abstract

Objectives. Theresearchaimstodevelopaconceptual approachtothedigital transformation of university educational
processes. The approach is based on a detailed analysis of the stages, participants, and components of the
educational process at universities in order to develop a roadmap for digitalization and the development of a data-
driven educational process management system. The main objectives of digital transformation are: (1) improve
convenience for all groups of end users by providing access to data and operations with data related to the educational
process; (2) increase the transparency of all components of the educational process; (3) release human and time
resources by minimizing routine operations and improving the quality of decisions. The development of a data-driven
educational process management system is based on digital culture principles of process management, which imply
that the data collected in university systems are consistent, organized into a single structure. and stored in a form
convenient for the development of new digital services. The development of tools for intelligent decision support and
learning analytics is executed cooperatively by developers, analysts, and end users at all levels.

Methods. The research considers the work experience of the authors and their colleagues in Russian and
international universities as users of information systems and services, developers of educational analytics services,
and managers at various levels, as well as the stages of university digital transformation.

Results. The proposed conceptual approach increases comprehension by setting goals and organizing the planning
of digital transformation processes in education. As well as providing a detailed description of the major participants
and components of the educational process, comprising students, teachers and educational programs, the article
discusses data selection criteria.

Conclusions. The development of a conceptual approach for creating a data-driven educational process
management system at a university is becoming a priority task, whose successful execution will underpin further
university advancement and competitiveness.

Keywords: digitalization, digital transformation, data-driven management, educational process, student, teaching
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Peslome

Llenu. Llenbto paboTbl aBnseTcs pa3pabdoTka KOHLEeNTyanbHOro noaxoaa K umdpoBon TpaHchopmMaumm obpa3osa-
TeNbHOro npoLiecca B By3e. B ocHoBe BbIOpaHHOIo Noaxoaa NexuT AeTallbHblli aHanmn3 9T1anoB, y4aCTHUKOB U KOM-
NMOHEHTOB 06pa3oBaTeIbHOO NPOLECCa B BY3€ C LIe/blO BbIPpabOoTKM JOPOXHOM KapTbl MO ero umdposmnsaumm n cos-
LaHWIO CUCTEMbI yNpaBieHns o6pasoBaTesibHbIM MPOLECCOM Ha OCHOBE AaHHbIX. OCHOBHbIMM 3aa4aMiu LMGPOBOM
TpaHchopmaumm ABASIOTCS: NMOBbIWeHne yaobcTBa AOCTyNa K AaHHbIM M paboTbl C AaHHBIMKW, OTHOCSALLMMUCS K 00-
pasoBaTesibHOMY MPOLLECCY, OJ1 BCEX MPYMn KOHEYHbIX MN0Jib30BaTENel; NoBbILLIEHME NMPO3PaYHOCTM BCEX COCTaB-
naowmx o6pasoBaTeslbHOro Npouecca; BblICBOOOXAEHNE HYEeNOBEKO-BPEMEHHbIX PECYPCOB 3a CHET MUHMMU3ALMN
PYTMHHbIX onepauuii 1 MOBbILEHNSA KayecTBa NpUHUMaeMbIX pelleHnii. B ocHoBe co3aaHust CUCTEMbI YrpaBieHus
obpaszoBaTesibHbIM MPOLLECCOM Ha OCHOBE AaHHbIX fiexaT NPUHLMMbI LMPPOBOI KybTypbl yNpaBieHns NpoL.eccamu,
KOTOpble NoApa3yMeBaloT, YHTO coOOMpaeMble B YHUBEPCUTETCKMX CUCTEMAX AaHHbIE YNOPSA0YEHbl B €ANHYIO CTPYK-
Typy, cornacoBaHbl Mexay cob0oi, HEMPOTMBOPEUMBLI U XPaHATCS B BUAE, YOOOHOM AN1s pa3paboTky HOBbIX LIMMPO-
BbIX CEPBUCOB. PaspaboTka MHCTPYMEHTOB MHTEIEKTYaNlbHOM NOAAEPXKKN MPUHATUS peLLeHnii n y4ebHon aHanm-
TUKN BEOETCS B TECHOM B3aMMOAENCTBUM Pa3paboTHMKOB, aHANIMTUKOB M KOHEYHbIX MOJIb30BaTesNe BCEX YPOBHEN.
MeTopabl. B paboTe ncnosnb3oBaH onbIT paboTbl aBTOPOB U UX KOJIIEN B POCCUMCKUX 1 3apyBeXHbIX By3ax B Kaye-
CTBe Nnosb3oBartesieit MHGOPMAaLMOHHbIX CUCTEM 1 CEPBUCOB, Pa3paboT4YMKOB CEPBUCOB YUEOHOM aHANUTUKN N PYy-
KOBOAMUTENEN pa3HOro ypoBHS. MprBeneHbl aTanbl LMdpPoBO TpaHchOopMaLuMm opraHn3aumm.

PesynbTaTthbl. [peanoxeH KOHUeNnTya bHbIA NOAX04 K MOHUMaHMIO, MOCTAHOBKE LIeNel 1 NaHupoBaHUIO Npouec-
COB LUMdpoBoi TpaHchopmauumm obpasoBaTenibHOro npotecca. NMoapobHO onncaHbl JaHHbIE OCHOBHbIX YHaCTHUKOB
1 cocTaBnsoLLmMx o6pa3oBaTesibHOro npouecca: odyyaloLlmxcsl, npenoaaBartenel u1 06pas3oBaTesibHbIX NMPOrpamMm,
HeobxoauMble oS yrnpaB/ieHUs By3OM Ha OCHOBE JaHHbIX; apryMeHTMPOBaH nx oToop.

BbiBoAbl. PaspaboTka KOHUENnTyabHOro noaxoaa Ass Co34aHus CUCTeMbl ynpaBfieHns o6pa3oBaTesibHbIM Mpo-
LLeCCOM Ha OCHOBE AaHHbIX B By3e CTAaHOBUTCS MPUOPUTETHOM 3aa4eil, OT Ka4eCTBa PeLLeHnst KOTOPOoK BO MHOMOM
OynyT 3aBMCETb Pa3BUTME U KOHKYPEHTOCNOCOOHOCTL YHMBEPCUTETA B OYAYLLEM.

KnioueBble cnoea: umndposmnsauus, umdposas TpaHchopmaLms, yrnpasieHne Ha OCHOBE AaHHbIX, 00pa3oBaTesib-
HbIF Npouecc, obyyawowmiics, Npodeccopcko-npenogaBaTenbCknini cocTaB, obpasoBaTenbHas nporpamma, yd4edbHas
aHanuTuka
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Mpo3payHocTb pUHAHCOBOMN AEATENIbHOCTU: ABTOPbLI HE UMEIDT PUHAHCOBO 3aMHTEPECOBAHHOCTN B NPEACTaB/EH-

HbIX MaTepmnanax nin Mmetogax.

ABTOPbI 3a5BNSIOT 06 OTCYTCTBUM KOHOMKTA MHTEPECOB.

INTRODUCTION

The digitalization of education is an important process
aimed at solving problems related to the creation of
technologies and the development of services for optimizing
the educational process and making it more adequate
to the needs of its key stakeholders: students, teachers,
employers and graduates [1]. Over the past two decades,
a large number of information systems and services have
been implemented for collection, storage, and processing
of data on participants and components of the educational
process [2]. First of all, we mean here learning management
systems (LMS), representing platforms for providing
teaching and learning materials related to the corresponding
courses. Depending on the level of development of teaching
and learning materials, as well as the automation of
assessment procedures, e-courses hosted on such platforms
can serve both as a support for the educational process
conducted in face-to-face format and as comprehensive
resources within the framework of distance learning [3].
Examples of such systems include intra-university online
learning platforms, many of which are Moodle-based!, as
well as Massive Open Online Course (MOOC) platforms,
including such well-known platforms as Coursera?,
edX3, and Udacity* (a more detailed list can be found on
Wikipedia®®). Such platforms allow for the collection of
large amounts of data about learners and their process of
mastering educational material. The emergence of such
data collection tools has given rise to new areas of research
such as Educational Data Mining and Learning Analytics.
These fields, which were formalized as distinct areas of
research in the early 2000s, have been developing much
more rapidly over the past decade. A comparison of these
concepts is presented in [4]. The ultimate goal of both
processes is the ability to predict learning outcomes based
on the analysis of educational platform data, while the
focus of Learning Analytics is on the learning process itself

! https://moodle.org/. Accessed January 15, 2024.

2 https://www.coursera.org/. Accessed January 15, 2024.

3 https://www.edx.org/. Accessed January 15, 2024,

4 https://www.udacity.com/. Accessed January 15, 2024,

5 https://en.wikipedia.org/wiki/List_of MOOC providers.
Accessed January 15, 2024.

6 Roskomnadzor: the foreign owner of the resource violates
the law of the Russian Federation.

and, accordingly, the performance (success) of the learner
in mastering the course material. Educational Data Mining
focuses directly on the process of extracting information
from various sources [5].

A number of studies in the field of Learning
Analytics have been related to the creation of systems
for predicting learning outcomes based on the analysis of
grades received, time spent on assignments, and overall
course performance [6]. In addition, learning analytics
tools are viewed as a source of real-time information
for participants of the educational process (teachers
and students). They allow learners to assess their own
progress in the course compared to other participants, as
well as to plan their time for completing assignments [7].

We note, however, that the potential of such systems
is limited, as it is based on student activity data in
e-learning courses, which can also be supplemented with
attendance and activity data in face-to-face classes [8].
In particular, most existing systems do not take into
account learners’ individual characteristics such as
cognitive style, motivational component, language and
cultural aspects. In [9], the author emphasizes that in
the digital educational environment, unlike traditional
in-class learning, the stakeholders of the educational
process have difficulties in determining the level of
student engagement and motivation due to the lack
of a conceptual approach to the process of modeling,
forming, and maintaining student engagement in
learning using digital educational resources. Moreover,
such systems typically work with intra-disciplinary level
data, i.e., data produced by student work activity within
the studied course. At the same time, to create a decision
support system that functions at the university level,
it is necessary to use data from different hierarchical
levels (see [10]), since aggregated data used for
university statistics often do not reveal the underlying
causes of problems arising in the educational process.
In addition to students, educational processes involve
teaching staff, who provide training and monitoring over
the formation of knowledge, skills and abilities, as well
as the degree programs (DP) themselves [11].

The present work proposes a conceptual approach to
understanding, goal-setting and planning the processes
of digital transformation of the educational process to
enable the development of intelligent decision support
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tools. The described approach can serve as a basis for
the development of a data-driven educational process
management system.

1. METHODS

The study is based on the experience of the authors and
their colleagues in Russian and international universities
as users of information systems and services, developers
of learning analytics services, and managers at different
levels (teachers, e-course developers, academic heads of
the educational program, department heads, school deans,
heads and deputy heads of student affairs, developers
of student success forecasting models, heads of IT
departments, etc.). In addition, we study the global research
experience in the fields of Digitalization in Education,
Learning Analytics, and Educational Data Mining.

The following section describes the stages of
digital transformation of the organization to provide
a more informed vision of the roadmap and planning of
activities for digitalization of the educational process. Its
main objectives are to increase the transparency of all
components of the educational process and subprocesses
within it, minimize the routine burden on the participants
of the educational process, and optimize the educational
process by improving the quality of decisions taken
at different levels. One of the main goals of digital
transformation of an educational organization is to create
a data-driven educational process management system
as a set of Learning Analytics tools providing intelligent
decision-making support.

2. STAGES OF THE DIGITAL
TRANSFORMATION

The digital transformation of an organization is
based on its level of digital maturity, representing an
awareness of the need to transform its core processes
related to data acquisition and information exchange. At

Stage 1

Organization of the work
with data in a digital form
e Data export opportunity
e Generation of forms and reports

e Storage of documents in scanned form subdivisions

e Increase in process transparency

the initial level of digital maturity, such transformations
are spontaneous and typically initiated by individual
departments as a means of optimizing their internal
processes. A high level of digital maturity implies
the consistent implementation of activities for the
coordinated transformation and integration of all key
processes of the organization in accordance with the
developed transformation strategy and roadmap. As
shown in the figure below, the digital transformation of
an organization can be divided into three main stages.

2.1. Organization of work
with data in digital form

The main disadvantage of document flow on physical
media is the high labor intensity of their verification,
statistical processing, analysis, and, as a consequence,
decision-making based on the information extracted from
them. Here, an acute problem arises in terms of accessing
data from past periods, for example, for the preparation of
reports or visualization of achievements over time.

When implementing electronic document or file
management systems at this stage, a critical feature
is the availability of data export tools in widely used
formats, as well as options for presenting data in various
formats, in particular, for the creation of summary forms
and reports. In other words, one of the important criteria
for the usability of the abovementioned systems and
services is the availability of tools that provide flexibility
in working with data. An example that illustrates the
actual absence of document digitization is the storage
of scanned versions of previously printed documents
within the system.

2.2. Technological optimization of processes
The next step in digital transformation involves

changing the methods of working with data and
organizing interactions between departments based on

Technological optimization
of processes
e Introduction of new forms of work
e Change in interaction between

Digital culture
of process management
e Unified data structure
e Ability to connect new modules
e Module update based on user
feedback

Figure. Stages of the organization’s digital transformation

Russian Technological Journal. 2024;12(5):98-110

101



A conceptual approach to digital transformation
of the educational process at a higher education institution

Alexey A. Kytmanov,
etal.

new working methods and tools to enhance process
transparency and release human resources. An example
of the transition to this stage is the optimization of
the reporting process by automating the collection of
data required for a specific type of reports throughout
the reporting period. The results of an employee’s or
team’s work during the reporting period should ideally
be entered into the appropriate system as they arise. In
this case, preparing a report does not require special
efforts, since the process itself automates the generation
of summarized data on outcomes achieved over a certain
period. The approaches used at this stage not only save
human resources but also significantly increase process
transparency and reduce the likelihood of providing
inaccurate data.

2.3. Transition to a digital culture
of process management

At this stage, all key processes of the organization’s
functioning should comprise parts of a single whole. All
collected data should be organized into a unified and
coordinated structure to organically complement each
other. As described in detail in [10], information systems
function on the basis of database(s) designed to take into
account the principles of student-centeredness, data
continuity, and data consistency. Compliance with these
principles when designing and developing the digital
infrastructure of the university guarantees consistency
and the absence of conflicts in data when working across
different systems. It also guarantees completeness
by storing all data with timestamps that allow for the
accurate reconstruction of a learner’s educational
history, as well as providing ease of use. The information
systems should allow for the connection of new modules
and be updatable based on feedback from end users. The
development of new modules and services is carried out
in close cooperation between developers, analysts, and
end users at all levels: top and middle managers, student
affairs staff, as well as representatives of teaching staff
and students. This digital infrastructure facilitates the
development of data-driven learning analytics and
decision support tools for more effectively identifying
issues in the learning process and finding their possible
solutions.

3. RESULTS

In this section, the main participants and components
of the educational process (hereinafter subjects or
objects of the educational process) are considered:
students, teachers and DPs. The data structure for
each subject (or object) is proposed and its detailed
description is given in the context of the concept and
objectives of data-driven management. The more

information can be collected, the more clearly it can be
structured and described in detail, resulting in higher
system potential.

3.1. Student data

Since the student is a key participant in the
educational process, it becomes especially important to
initially classify his or her data in such a way that their
subsequent use will simplify the process of data extraction
and analysis [12]. When building a model of a student,
two types of data should be taken into account: (1) the
data that do not change or change very slowly over
time (socio-demographics, gender, age, nationality and
cultural characteristics, psychological characteristics
and cognitive features, etc.); (2) accumulated data
on the process and results of learning (accumulated
digital footprints (entrance examination scores, results
of participation in academic competitions, secondary
education certificate grades, data on his or her activity
on educational platforms) comprising a student’s digital
educational history, the concept of which was introduced
in [13].

One of the important tasks of Learning Analytics
is modeling the student, including the creation of his
or her digital twin. It is clear that the more data about
the student and his or her learning process can be
collected, the more accurate the learner model will be.
In particular, an important task is developing tools for
collecting data on student’s use of learning materials
from external sources (educational content, educational
forums, various reference materials).

When collecting data, it is important to adhere to
the principle of data continuity [10] to ensure that no
data that changes over time is lost, in particular, in the
process of updating (overwriting). For example, in case
a student does not pass an exam at the first attempt, all
dates and results of attempts should be stored in the
database. This gives a more comprehensive picture of
academic performance, helping to identify problems with
learning in a timely manner and adjust personal learning
trajectories. In cases when a student switches from one
major (degree program) to another, such changes in the
student’s interests or difficulties in mastering certain
courses should also be recorded. In other words, such
indicators can be used to identify and address problem
areas with subsequent adjustment of the DP in order to
improve its quality.

We will conditionally divide all data into three
groups. The first group includes general data used in
educational and administrative processes. The second
group operates with data related to a specific DP and its
learning outcome requirements. Finally, the third group
contains information about the student’s activity and
performance in a particular course of the DP.
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The first block includes basic data on the student:
basic personal data,

socio-demographics,

health records,

admission data,

academic status of the student.

Basic personal data contains the student’s surname,
first name, patronymic, date and place of birth, gender,
data on main identification documents (passport, social
security number, taxpayer identification number).

Socio-demographic data includes information
on marital status, family members, as well as the
number of dependents and average income. This
information may prove useful when considering the
possibility of applying for social scholarships and
other assistance.

Health records form an important basis for
determining whether inclusive education is necessary.
This includes data on the presence of medical conditions
and the opinions of medical experts.

Admission data traditionally include entrance
examination scores or results of previous final attestation,
as well as the results of participation in academic
competitions, which confer certain privileges when
applying for the next level of education. An applicant’s
portfolio data can give additional points at admission
to some areas of training. At admission to a Master’s
program, information about the student’s bachelor’s
diploma, results of entrance examinations, as well as
publication record, will be required.

Academic status contains information about the
current status of the student, e.g., studying / completed
training / on academic leave / expelled / in the process
of readmission. It can also indicate the status of the
student in the educational context, namely, information
about courses mastered within the framework of the DP,
attained internships, internships, supervisors, the topic
of a graduation thesis, etc.

These data can be supplemented with data on
a student’s psychological characteristics, cognitive
features and styles. Taking into account such
student characteristics can be useful in planning
and organizing his educational and extracurricular
activities, for example, when designing a personalized
learning path.

The second group contains the following data
blocks of interim and final attestation, as well as pre-
professional training of student:

Data block for intermediate and final assessment:

e results of intermediate assessment for all years of
study;

e term exams results;

e amount of academic debts at the present moment;

e number of attempts to pass the assessment for the
course.

Pre-professional training data block:

e topics of completed research works and data on
scientific advisors;

e research publications;

e conference presentations and talks;

e experience in professional activity in organizations
relevant to the field of study;

e reviews and feedback on research and graduation
theses;

e experience in team projects/startups participation
with record on personal contribution.

The intermediate assessment section can provide
useful information about the most challenging courses
for students and help to select the appropriate educational
materials, taking into account their background in the
field of study, motivation and ambitions. Based on such
data, it is possible to create more advanced services,
such as services for predicting the student’s success in
completing an educational program or recommendation
systems [14], which can build a personalized learning
path depending on preferences, abilities and previously
accumulated information about the user (digital
footprints and digital educational history).

The research interests of the student and his or her
readiness for research activity can be judged based on
pre-professional training data. This is important when
choosing a base for internships, or selection of potential
job places for future graduates. Data on the scientific
supervisor, reviews and feedback can provide students
with guidance on choosing research topics, the relevance
of these topics, and prospects for further development or
career opportunities in the science and technology sector.

We move on to the third group of data comprising
educational course data. This includes:

e number of accesses to the LMS and total time spent
in it;

e number of transitions and number of clicks within
the LMS;

e number of viewed educational videos and their
viewing duration;

e participation in discussions on educational forums;
e number of references to external educational sources,
total time spent on mastering educational material;

e success in completing assignments (accuracy,
timeliness, independence level).

The data of the third group characterize the student’s
performance within a particular course. Currently, most
educational courses are presented in electronic form in the
university LMS (typically Moodle-based; a detailed list
of LMS can be found on Wikipedia’-®). Course structure,

7 https://en.wikipedia.org/wiki/List_of learning_management
systems. Accessed January 15, 2024.

8 Roskomnadzor: the foreign owner of the resource violates
the law of the Russian Federation.
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the content of assessment materials, evaluation criteria,
and deadlines for assignments are generally determined by
the course instructor on the basis of the approved course
syllabus.

The course instructor, using access to the event
log and gradebook, can obtain data on the student’s
activity within the course. It is also possible to get such
data as study time, number of accesses to educational
materials, educational video viewing time, and results of
interim testing. In future, it will be possible to use these
or other indicators to track the dynamics of academic
performance within a course.

To summarize, the data in the first group usually
remain unchanged or change slowly over time, while the
data of the second group are updated on a regular basis,
typically at least once per academic term. The data of the
third group are updated most frequently, usually weekly.

3.2. Data on tertiary teachers
(course instructors)

The next key subject of the educational process
is the teacher, whose qualifications, experience and
pedagogical skills largely determine the effectiveness
of knowledge delivery and consequent effectiveness
of the educational process. The author’s interpretation
of a particular course in the curriculum influences
the motivation of students and their involvement,
knowledge and skills gained as well as the learning
outcomes of the course [15]. Unlike student data, on
which most researchers of learning analytics are focused,
the exploration of teacher data has drawn much less
attention. However, interest in this topic has recently
started to grow (see, for example, [16]).

Teachers undergo regular performance appraisals,
for example, as part of employment or competitive
election. For this procedure, the applicant prepares
a list of his or her achievements for a certain period in
the form approved by the organization where he/she
plans (to continue) to work. However, data submitted in
this way may contain inaccuracies; for example, there
may be errors in their design. Most importantly, such
data are usually used once and are not stored for future
use. In addition, the preparation of such reports is time-
consuming and routine. On the other hand, a properly
organized data collection on the teacher’s achievements
in different areas will make it possible to receive such
reports automatically without time and labor costs,
while significantly reducing the risks of inaccurate or
erroneous information. From a manager’s point of view,
adigital service for working with faculty data can provide
opportunities to monitor the achievements not only of
an individual employee, but also to generate summary
reports on teams (employees of a department, institute,
members of a scientific team) or groups (3rd-year

students, PhDs under the age of 35, etc.), as well as
the dynamics of employee- or team achievements over
a certain period.

For the convenience of assessment, monitoring
and timely adjustment of the educational process in
the context of the teacher, it is proposed to consider the
data on the teacher by analogy with that of students as
multidimensional, structured, dynamically updated data
on professional competence, communication skills, as
well as digital competence and digital culture, including
a group of personal data and groups of indicators. Each
indicator is considered with respect to the information
that can be obtained in the current moment—static
data and dynamic data changing over time under the
influence of some external factors, experience, or issued
recommendations.

The first block of data contains basic personal and
professional information:

e basic personal data (surname, name, patronymic,
date and place of birth, gender, data of basic
documents);

e socio-demographic data (marital status, family

members, average income);

health data (in relation to labor duties);

data on education, academic degrees and titles;

data on previous employment and positions held;
data on mother-tongue and foreign language
proficiency;

data on teaching experience;

e profile data in scientometric databases
professionally-oriented social networks.

This block, which contains a standardized set of data
that does not change or changes slowly over time, can be
used to form a picture of the main stages of work history,
e.g., relating to periods of employment.

The following blocks describe the teacher’s
competence as researcher, mentor, or practitioner.

The teaching and learning competence data block
contains:

e data on courses taught (linked to academic years and
semesters, indicating the type of classes and form of
delivery);

e data on the number of students in the courses taught;

e data on developed teaching and learning materials
and e-courses;

¢ data on external resources used in teaching practice;

e developed information content used in teaching
activities;

e data on completed professional development /
retraining / vocational training courses;

e data on student assessment of the teacher (if
available);

e student attendance in the course during the semester;

e student academic performance within the course and
the results of the term exam.

and
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The scientific research competency data block
includes:

e data on publications and intellectual property
objects;

e data on participation in projects supported by
research grants or carried out within the framework
of contractual works, as a manager or contractor;

e data on membership in dissertation councils,
editorial boards of scientific journals;

e data on work performance as an expert.

The mentoring competency data block contains:

e data on scientific supervision of graduation theses /
dissertations of students / master’s degree students;

e data on scientific supervision of postgraduate
students / scientific advising of doctoral students;

e data on publications of students/postgraduate
students co-authored with an academic staff member;

e data on graduation theses / candidate/doctoral
dissertations, defended under the supervision of an
academic staff member;

e data on students/postgraduate students who won
prizes in competitions/contests/conferences (with
indication of the event level).

The practical competence data block includes:

e data on work experience in organizations/enterprises
in the field of training in which the teaching is
provided (indicating places of work, positions held,
main duties performed);

e data on developed cases drawn from practical
experience;

e data on practice-oriented tasks developed for
competitions/hackathons;

e data on expert experience in the professional field.
In addition to these blocks, it is also appropriate to

introduce an additional data block, where an employee
could provide other information indicating his or her
professional qualifications, for example, awards received,
competitions won, interuniversity and international
team participation, consortia, organization of events,
presentations of popular science lectures, experience in
preparing and conducting trainings, business games, etc.
These data can be subsequently classified into separate
blocks to facilitate their effective application.

These blocks can be supplemented by a block of
communicative and other soft skills, which can include
the ability to deliver the course according to the audience
preparation and proficiency (adaptability), motivation
building and critical thinking skills, the ability to build
productive interpersonal relationships within the team.
However, it should be noted that the measurement of
such skills requires special consideration. The level
of communicative competence can be evidenced, for
example, by the results of student evaluation of the
instructor, the number of co-authors in publications, or
participation in collective projects.

The block of teacher digital competence and digital
culture requires a separate detailed exploration. It needs
to consider the proficiency of using various digital tools
in teaching and research, as well as the acceptance of
changes brought by digitalization and the readiness to
implement these changes. As faculty digital culture is
an integral part of the corporate culture, its development
becomes a significant issue of change management in
the university.

A data collection and storage system should
be capable of automatically retrieving data as they
become available. An example is the retrieval of data
from scientific metrics systems on published articles.
Where automatic retrieval is impossible, the system
should provide standardized data entry with supporting
documents or references.

3.3. Degree program data

DP is one of the most significant components
of the educational process and its quality directly
affects its popularity among students and applicants.
Insufficiently high indicators of the educational
process (e.g., low academic performance, high
percentages of students who change a DP over the
course of training, low employment rates) can represent
the evidence not only of insufficiently trained students,
but also problems with the program itself. The most
acute of these is the low demand for the program
during the admission campaign and consequently low
competition among the applicants. This could result
in enrollment of students with lower exam scores who
tend to be less motivated. This, in turn, entails further
problems with their learning within the program. Low
demand for DP typically has two reasons behind it:
external (obsolescence, i.e., insufficient compliance
with the changing demands of the labor market) and
internal (inconsistency of the content and structure
of the program with the stated learning outcomes).
Despite the fact that the educational community—
including DP developers themselves—recognizes the
existence of the mentioned problems, there is currently
no methodology to clearly describe an algorithm for
DP analysis and evaluation, as well as identifying its
weaknesses and correcting them.

In this regard, it is important to define a set of internal
DP indicators for characterizing the features of its
structure and content, as well as external DP indicators,
which form a basis for judging DP quality and demand.
Each indicator then needs to be associated with a set of
data on which basis it will be calculated.

The main internal characteristics of the DP can be
considered as follows:

e field of study, including level of education, form of
education;
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e requirements of the federal state educational standard
or the educational standard of the educational
organization, including learning outcomes expressed
in term of competencies;

e professional standards, for which the DP trains
students, including formed professional competencies;

e the structure of an DP, defined by its curriculum and

including a set of disciplines and practices, as well

as their labor intensity and mastering schedule;

DP development team;

Personnel implementing the DP;

material and technical support for the DP;

other characteristics, such as involvement of employer

representatives in the learning process, availability of

real-life tasks (cases) adapted to the learning process,
geography range of internship sites, etc.

These characteristics, which determine the design,

structure, and content of the DP, have a direct impact

on its quality. However, in order to assess the quality
of the DP, it is necessary to evaluate external indicators
independent of its internal content, as they indicate how
much external stakeholders (graduates, their employers,
various administrative bodies of regional and federal
levels) are satisfied with DP quality.

Among the main external indicators characterizing
the quality of a DP, we note the following:

e distribution of Unified State Exam scores of
applicants admitted to the DP, including their
average and passing scores;

e proportion of entrants to the DP who have particular
achievements (winners and prize-winners of academic
olympiads and competitions at various levels);

¢ indicators related to the results of the intermediate
certification: grade distribution records by course
within a specific term / examination period,
dynamics of the proportion of students who have
a certain level of academic debt, etc.;

e student academic status updates: dynamics of
dropout rates, academic leaves, changes of degree
program (major) or higher education institution,
dynamics of re-enrollments, transfer to DPs from other
DPs within the university, from other universities, etc.;

e share of students (by year of study) who have
achievements in research activity (presentations
at scientific conferences, publications, intellectual
property objects);

e share of students (by year of study) who have
achievements in professional activities, noted
by potential employers as a result of internships,
participation in project work, case studies, etc.;

e employment rate of graduates in organizations
relevant to their field of study;

e results of surveys of students regarding their
satisfaction with the components of the educational
process within the DP;

e results of surveys of graduates regarding their
satisfaction with training within the DP, employment
opportunities, competitiveness in the labor market,
etc.;

e results of surveys of employers regarding their
satisfaction with the qualification of graduates,
interaction with the university, development team,
course instructors implementing the DP.

Note that the development of a methodology for
working with the above indicators requires special
attention, since their absolute values (as they are) do not
carry much meaning in terms of determining the quality
of DP. The following approaches can prove useful

e consideration of these indicators in dynamics over
a certain period of time;

e consideration of relative values of the indicators
compared to similar indicators from other degree
programs within one or similar groups of fields of
study within the university;

e consideration of relative values of the indicators
compared to similar indicators of degree programs
in the same field of study at other universities,
ranging from the nearest regional competitors to all
universities in the country implementing programs
in this field.

The development of methods for analyzing and
assessing the quality of degree programs, as well
as identifying their strengths and weaknesses, is
a distinct and under-researched field of study. The
very definition of the quality of a degree program is
an important task in itself. We suggest that the quality
of a degree program be defined in terms of achieving
the desired learning outcomes, expressed in terms of
competencies a graduate should possess upon successful
completion of the program. However, measuring the
level of possession of competencies, or professional
skills of graduates are nontrivial tasks that do not have
a straightforward solution. It should also be understood
that a degree program is not an unchanging set of
documents, but rather a dynamically evolving entity
that connects students, faculty and teaching staff,
administrative personnel, employer representatives, and
other stakeholders within the educational process. As
a key component of the educational process, DP is an
important object of study within the framework of data-
driven educational process management. In the context
of a rapidly changing labor market, the tasks of creating
tools for analyzing DPs, managing and optimizing their
portfolio within the university are highly relevant.

4. DISCUSSION

Processes of digitalization in higher education
institutions are currently implemented mainly through
the creation of specialized systems and services which
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function within particular areas and are aimed at
solving a limited range of tasks [17]. One of the main
disadvantages of this approach is that such services
usually do not include protocols of interaction with
each other, since their operation is often based on data
stored in databases specially designed for these systems.
This leads to the problems described in [10], namely,
data duplication and redundancy, as well as absence of
unified storage standards and consequent conflicts in
data exchange between different information systems.
The inability to integrate these systems as components
of a coherent whole presents a challenge to addressing
higher-level objectives, such as, for instance, determining
the root causes of a decline in student retention rate
in a given DP or the increase of student attrition from
that program and their subsequent enrollment in other
programs. We believe that the use of a single information
platform, referred to as the “core”, which instantiates the
principles for data collection, storage, and processing
for all university information systems, can help address
the aforementioned challenges. Such systems would
represent modules connected to the core. In addition,
the sequential connection of new modules, modified
according to end user requests, will significantly improve
the transparency of internal processes, reduce labor and
time expenditures, and increase the speed and accuracy
of decision-making.

It should be noted that the core data elements of
students, faculty, and DPs discussed in this work are
interconnected in numerous ways. For example, the
outcomes of a student’s mid-term assessment in a subject
are not solely determined by the student themselves,
their motivation, level of preparation, and assignments
completed during the term. Rather, they depend on the
qualifications of the teachers who taught this subject, and
the level of their expectations, methods, formats, teaching
materials, as well as the structure of the course (in
particular, the total workload and the distribution of
workload between contact hours and independent
study), as outlined in its syllabus. Additionally, if the
course content is based on knowledge gained in other
subjects of the educational program, then the structure of
the course, as determined by the curriculum, also plays
a significant role. In practice, there are instances where
the skills and knowledge acquired by students in one
subject are applied in another, with both subjects being
taught concurrently in a single semester, which can
create understandable challenges for students. Thus, the
purpose of data-driven educational process management
is to, among other things, simplify the process of
accessing a diverse range of data related to the education
process as much as possible, and to develop data analysis
and visualization tools to facilitate the identification of
areas for improvement in the educational process with
a view to further optimizing it.

The next significant consideration is that the
development, customization, and technical maintenance
of such a system must be undertaken throughout its
entire lifecycle. Both the development and subsequent
refinement or modification of individual modules
should occur in close collaboration with end users,
based on the systematic collection of feedback. Having
a team consisting of representatives from various roles,
including developers, technical support personnel,
senior management, and representatives from all groups
of users and stakeholders, can help to make the process
of evolving such a system more effective. In addition, it
is essential that the process of gathering feedback and
making subsequent changes to the system is regular and
timely. Otherwise, the positive impact of the process
may be significantly diminished, which could in turn
negatively affect the overall effectiveness of the system.
In this regard, using proprietary software developed by
third-party vendors may offer less practical benefit to the
organization compared to developing its own software
in-house by a dedicated team of developers.

Finally, we would like to highlight another aspect
that plays a crucial role in the successful implementation
and development of a data-driven educational process
management system. This aspect involves the adoption of
the system by all relevant stakeholders and their willingness
to contribute to its improvement and enhancement.
The introduction of such a system has the potential to
significantly enhance the transparency of various aspects
of an employee’s performance, which may lead to at least
a mixed reaction towards the system and decisions made
based on data generated by it. A very important point here
is the interpretation of the data and indicators obtained.
In view of the above, building a system of decision-
making in relation to participants in the education process
in the context of rewarding them for their achievements
and supporting them in eliminating problem areas and
realizing potential points of growth will be an important
component of the successful implementation and further
development of such a system.

CONCLUSIONS

In the present article, we propose a conceptual
approach to the digitalization of the educational process
in a higher education institution, describing its main
stages, as well as providing data blocks for the key
participants and components of the educational process:
students, teaching staff and DPs. We highlight certain
features and challenges associated with the development
and implementation of information systems and digital
services for building a data-driven educational process
management system.

In subsequent works, the authors plan to study
in detail each component of the proposed conceptual
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approach, analyzing the specifics of collecting and
assessing indicators related to students, teaching staff,
and DPs.

Digitalization of the educational process represents
an essential stage in the development of a university,
without whose implementation it will be impossible to
reach a significantly new level of educational activity.
The continuously growing market of educational
services, especially in terms of continuing professional
education, puts universities in a position of catching-
up as compared to online educational platforms, which
have significantly excelled in the use of digital tools
for Learning Analytics. Consequently, the development
of a conceptual approach to create a digital system of
educational process management in the university

becomes a priority task, the quality of which will greatly
influence the future development and competitiveness of
the university.
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