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AHAJIITUKA HABYAHHA 1 IU®POBUA 3BOPOTHUM 3B’A30K
Y CUCTEMI YITPABJIITHHA OCBITHIM INTPOLECOM

Y cmammi o6pynmosano ponv anmanimuxu Haguanms i Yu@poeoco 360pOMHO20 36 ’A3KY 6 YNPAGNIHHI OCEIMHIM NPOYECOM.
Axmyanvricms 00CniOiCeHHs 3YMOGIEHA MUM, WO YUPPOGi OCGIMHI cUCeMU HAKONUYYIOMb 3HAYHI 00CA2U OAHUX NPO pe3yIbmamu,
AKmMueHiCMy, OOMPUMAHHL MEPMIHIG, Xapakmep NOMULOK I 63A€MOO0II0 3000y6auié 0Ceimu, OOHAK Yi OAHI YACMO GUKOPUCTOBYIOMbCS
nepeeascHo 0 001Ky ma Koumpoiuo. Memolo cmammi € 00IpyHMYBaAHHA 83AE€MO38 SI3KY MINC AHATIMUYHUMY NOKASHUKAMU HAGYANLHOT
disnbrocmi, ix nedazo2iunoio inmepnpemayieto, popmamu yughpoeozo 360pomMHO20 38 A3KY MA MOINCIUSUMU YNPABTIHCLKO-Ne0a202i4HUMU
piwennamu. Jlocuioxcents Mae meopemuKko-aHanimuyHuil  Xapakmep. 3acmocoéano Mmemoou ananizy, MNOPIGHAHHA, Y3A2abHEHH,
cucmemamusayii ma cmpyKmypHo-102iuHo20 KoHcmpyloganHs. IIpoananizoeano npayi 3 aHanimuku HAGYAHHI, OCEIMHBLO20 MAUHIHEY OAHUX,
NPO2HO3YBAHHA AKA0EeMIUHOT ycniunocmi, inghopmayitinux nauenetl, asMmomMamu308aHo20 360pOMHO20 38 S3KY, CAMOPe2yIbO8AHO20 HABUAHHS
ma GUKOPUCMAHHA WMYYHO20 IHmMeneKkmy 6 oceimi. Y pe3yniemami GUOKpeMNIEHO OCHOGHI 2pynu NOKA3HUKIG, W0 MOJICYNb
BUKOPUCIOBYBAMUCS OJIsL MOHIMOPUHZY OCEINMHLO20 NPOYeCy: AKAOeMIiuHi pe3ynbmamu, aKmugHicmb y cucmemi YRPAGIIHHA HASHAHHAM,
CBOECUACHICMb BUKOHANHSA 3A60AHb, Xapakmep NOMUNOK, YUACMb Y 63a€MO0ii, OUHAMIKA npozpecy ma GUKOPUCIAHHA HABYATLHUX PecypCis.
Busnaueno ingpopmayiiiny, Kopuzysanviy, npoeHOCIMUYHY, peKOMEHOAYIHY, pehieKCusHy i ynpaesniHcoKy yHKYii yugposozo 360pomnozo
36’a3Ky. OCHOBHUM Pe3yIbMAMOM € MAMPUYsl, WO NOEOHYE AHATIMUYHUL NOKASHUK, 1020 MOXCIUEY nedazo2iuny inmepnpemayito, Gopmy
Yupposozo 360pomHO20 36 513Ky ma 8iOnogioOHe YNpasiiHcbko-nedazociune piwenns. Ilokazarno, wo yugposi criou He oaroms nidcmas 0is
00HO3HAUHO20 6CMAHOGNIEHHA NPUYUH HABYANLHOI NOGEOIHKU, MOMY MAMpUys Mae OpieHmosHUll xapakmep i He 3aMIHIOE NpO@ecilino2o
cydoicenns suxnadaya. Ii npaxmuuna npudammuicms nonseae 6 MONCIUBOCH EUKOPUCTIAHHS NOKAHUKIE, QOCIYNHUX Y CIAHOADIMHUX 36iMax
LMS, enexmponnux osicypranax i cucmemax mecmyeants, 0e3 3a1y4eHHsA CKIAOHUX NPOSHOCMuUYHUX areopummie. I[lepcnexmusu noodanvuiux
00CiddCeHb NOG A3AHI 3 EMNIPUYHOIO ANpPodAYIeI0 MAMPUYL 8 PI3HUX OUCYUNTTHAX | (POPMAMAX HAGYAHHSL.

Knrouosi cnosa: ananimuxa naguamns, yu@posuil 360pomuuti 36 130K, VAPAGNIHHA OCEIMHIM NPOYECOM, OCGImHI OaHi, cucmema
VNPAGNIHHS HAGYAHHAM, NEOA202IYHe DilleHHs, MOHIMOPUHS HABYANLHOI OISIbHOCMI, NEPCOHANIZ08AHULL 360POMHULL 38 30K, YUPPOSi criou,
WMYYHUL IHmenexm.
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LEARNING ANALYTICS AND DIGITAL FEEDBACK IN EDUCATIONAL PROCESS MANAGEMENT

The article substantiates the role of learning analytics and digital feedback in educational process management. The relevance of the
study is determined by the fact that digital educational systems accumulate substantial amounts of data on learning outcomes, activity,
compliance with deadlines, patterns of errors, and learner interaction, yet these data are often used mainly for recording and control. The
aim of the article is to substantiate the relationship between analytical indicators of learning activity, their pedagogical interpretation, forms
of digital feedback, and possible managerial and pedagogical decisions. The study is theoretical and analytical. The methods of analysis,
comparison, generalization, systematization, and structural-logical construction were applied. Research on learning analytics, educational
data mining, prediction of academic performance, learning analytics dashboards, automated feedback, self-regulated learning, and artificial
intelligence in education was examined. The study identified the main groups of indicators that may be used to monitor the educational
process: academic outcomes, activity in a learning management system, timely completion of tasks, error patterns, participation in
interactions, progress dynamics, and the use of learning resources. The informational, corrective, predictive, recommendation-oriented,
reflective, and managerial functions of digital feedback were specified. The main result is a matrix that links an analytical indicator, its
possible pedagogical interpretation, a form of digital feedback, and an appropriate managerial and pedagogical decision. The study shows
that digital traces do not provide sufficient grounds for unambiguous conclusions about the causes of learning behavior. Therefore, the
matrix is indicative and cannot replace a teacher's professional judgment. Its practical applicability lies in the ability to use indicators from
standard learning management system reports, electronic gradebooks, and testing systems without employing complex predictive algorithms.
Further research should include the empirical testing of the matrix across different academic disciplines and learning formats.

Key words: learning analytics, digital feedback, educational process management, educational data, learning management system,
pedagogical decision, learning activity monitoring, personalized feedback, digital traces, artificial intelligence.

Problem Statement. Digital educational Learning analytics dashboards are a separate
systems collect large amounts of data about results, research area. Bodily and Verbert [3], Susnjak et al.
activity, deadlines, error patterns, and interaction of [14], and Paulsen and Lindsay [12] state that
learners. However, the presence of such data does not dashboards primarily display already recorded results
guarantee that they are used to improve the and activities, but they do not always provide a clear
educational process. Very often, these data perform path for further action. According to Kaliisa et al. [9],
mainly a recording function and are used to control access to a dashboard itself does not guarantee better
attendance, task completion, and final assessment. achievement or motivation. The effect depends on
Learning analytics makes it possible to use digital how clear the data are, how they are presented, and
traces to identify learning difficulties, predict risks, whether the information can be used.
and support pedagogical strategies for solving them Banihashem et al. [2] analyzed the connection
[1; 2; 8]. Its managerial value appears when an between learning analytics and digital feedback.
analytical indicator becomes a basis for a concrete Analytical data can make feedback more timely and
action. Low activity, repeated mistakes, or missed personalized, help identify typical mistakes, and
deadlines do not, by themselves, change the learning recommend further actions. However, receiving a
situation. A pedagogical interpretation of the data, message does not mean that the learner understands
targeted digital feedback, and a relevant teacher and uses it. The quality of feedback depends on
decision are needed. whether it helps the learner understand the problem

Learning analytics, digital assessment, and and correct further work [4; 5; 7; 10].
feedback are often studied separately. Researchers The automation of feedback 1is closely
describe prediction algorithms, dashboards, and connected with artificial intelligence. Intelligent
automated messages in detail [3; 12; 14], but they systems can classify errors, predict risks, and form
explain less clearly how a specific indicator should personalized recommendations [6]. At the same time,
be linked to a particular response. As a result, a gap their use creates risks of wrong interpretation,
appears between data collection and pedagogical algorithmic bias, low transparency, and excessive
action. automation. For this reason, the teacher's professional

Therefore, it is necessary to systematize the decision remains necessary. Ethical limits of using
links among an indicator of learning activity, its artificial intelligence in education should also be
possible interpretations, digital feedback, and considered [11].
managerial and pedagogical decisions. Such The analysis of publications shows that sources
systematization allows wus to consider learning of educational data, prediction methods, and forms of
analytics not only as a technical tool for monitoring, digital feedback have been studied quite fully. The
but also as an instrument for managing the connection between a concrete analytical indicator,
educational process. its pedagogical interpretation, the content of a

Analysis of Current Research. Modern studies message, and the next teacher's decision is still less
of learning analytics cover the collection and developed. This creates the need for a matrix that
interpretation of digital data, the prediction of systematizes possible transitions from educational
academic performance, the early identification of data to pedagogical action.
risks, the visualization of progress, and the support Aim and Methods of the Study. The aim of the
for self-regulated learning. Shafiq et al. [13] and article is to explain the role of learning analytics and
Yagc1 [15] confirm the possibilities of educational digital feedback in educational process management
data mining and machine learning for predicting and to develop a matrix that connects analytical
learning outcomes. At the same time, an algorithmic indicators of learning activity, their pedagogical
prediction cannot directly become a pedagogical interpretation, forms of digital feedback, and possible
decision, because the same indicators may have managerial and pedagogical decisions.
different causes. The study is theoretical and analytical. Its

source base included scientific publications on
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learning  analytics, educational data mining,
prediction of academic performance, dashboards,
formative assessment, automated feedback, self-

regulated learning, and the wuse of artificial
intelligence in education.
The methods of analysis, comparison,

generalization, and systematization were used. The
analysis helped to identify the main research areas
and determine which types of educational data are

most often used to assess activity, progress,
engagement, and the risk of academic failure.
Comparison was used to distinguish descriptive,
diagnostic,  predictive, and  recommendation
analytics, as well as informational, corrective,

predictive, and reflective feedback. Generalization
was used to define common features of digital tools
that support the monitoring of learning activity and
pedagogical decisions. Systematization enabled
indicators to be organized into 7 groups: academic
results, learning activity, meeting deadlines, error
patterns, participation in interactions, progress
dynamics, and use of learning resources.

The matrix was developed according to the
principle of a step-by-step transition from data to a
pedagogical decision. First, an analytical indicator
that can be recorded by a digital system was defined.
Then, a possible pedagogical interpretation of this
indicator was identified. After that, a form of digital
feedback was selected. This feedback could be
addressed to a learner or a teacher. The final
component was a managerial and pedagogical
decision aimed at correcting learning activity,
providing additional support, or changing the
organization of the educational process. The
developed matrix is not universal and does not

replace the teacher's professional decision. Its
purpose is to organize possible responses to data and
support a reasoned choice of pedagogical action/

Research Results. The analysis showed that
learning analytics receives managerial value only
when digital data are used for pedagogical
interpretation, feedback, and decision-making.
Without this connection, analytical tools mainly
perform a recording or control function.

The main groups of indicators for monitoring
the educational process include academic results,
activity in the learning management system, timely
completion of tasks, error patterns, participation in
interactions, progress dynamics, and use of learning
resources. At the same time, no single indicator gives
enough grounds for a clear conclusion. For example,
low activity in an LMS can be connected with low
engagement, technical difficulties, or working with
materials outside the platform.

Digital feedback can perform informational,
corrective, predictive, recommendation, reflective,
and managerial functions. Informational feedback
reports a result or a state of task completion.
Corrective feedback explains an error and how to fix
it. Predictive feedback warns about a possible risk.
Recommendation feedback suggests the next learning
action. Reflective feedback supports the learner's
evaluation of their own progress. Managerial
feedback provides the teacher with information for
decision-making.

Based on the systematization, a matrix was
developed (Table 1). It connects an analytical
indicator, its possible pedagogical interpretation, a
form of digital feedback, and a managerial and
pedagogical decision.

Tabnuys 1.

Matrix for using learning analytics and digital feedback
in educational process management

Analytical indicator Possible pedagogical Digital feedback Managerial and
interpretation pedagogical decision

Low current | Insufficient understanding of the | Explanation  of  typical | Consultation,

assessment results topic, misunderstanding of | mistakes and a link to | repeated explanation,
requirements, or ineffective task | relevant material and differentiated
strategy task

Repeated similar | Unstable understanding of a concept | Corrective comment | Training task,

mistakes or incorrect way of action explaining the reason for the | repeated study of the

mistake

material

Sharp decrease in
results

Temporary difficulties, overload, or

loss of motivation

Personal message with a
proposal to clarify the
reasons

Individual
conversation,
adjustment of
workload

Stable high results

Confident

understanding  of

the

material, readiness for more complex

tasks

Message about progress and
recommendations for deeper
work

Higher-level task,

research work

Low frequency of
LMS logins

Low engagement,

technical

difficulties, or use of other sources

Neutral  message
about possible reasons

asking

Checking access to
alternative formats of
materials

Frequent logins with
low results

High effort without proper results or

an ineffective learning strategy

Recommendation about the
order of work

Consultation,
roadmap for studying
the course

Late submission of
tasks

Difficulties with self-organization or

overload

Reminder with deadline and
next steps

Intermediate
deadlines, individual
schedule

Accumulation of
unfinished tasks

High risk of academic failure

Warning to the learner and
signal to the teacher

Plan for completing
missed tasks,
personal consultation
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Uneven activity | Delayed task completion or poor | Visualization of activity and | Division of tasks into
during the course time planning recommendations for regular | stages, intermediate
work control

Low participation in | Communication difficulties, low | Personal invitation or | Work in a smaller

discussions motivation, or an unsuitable | alternative form of response group, asynchronous
interaction format participation

Low contribution to | Passive  position or  unclear | Request for self-assessment | Redistribution of

a group task distribution of roles of own participation roles, clarification of
responsibility

Mismatch  between

Insufficient ability to evaluate the

Comparison of self- | Work with a rubric,

self-assessment and | quality of one's own work assessment with criteria peer assessment

result

Non-use of | Lack of information or low | Explanation of the purpose | Reduction or

recommended perceived usefulness of the resource restructuring of

resources materials

Repeated test | Guessing answers or not | Explanation of mistakes and | Changing the task

attempts without | understanding mistakes recommendation to return to | bank, consultation

improvement the material

No  reaction to | Recommendation is not understood | Repeated message in a | Change of feedback

feedback or cannot be used simpler form format, discussion of
recommendations

Improvement  after | Effectiveness of the selected support | Message about  positive | Continuation of the

recommendations dynamics selected approach

No improvement | The selected form of support is not | Signal to the teacher and | Review of the

after several | suitable invitation to discussion intervention,

interventions additional support

The matrix is indicative and does not establish
an automatic connection between an indicator and the
cause of a learning problem. Before making a
decision, it is necessary to check other data, compare
the indicator with previous results, and, if needed,
contact the learner. The proposed approach also helps
to separate automated and non-automated actions. A
system can detect a deviation, create a visualization,
or send a standard message. However, the
interpretation of causes, the choice of support, and
the evaluation of consequences remain the
professional responsibility of the teacher. The
practical value of the matrix is that it does not require
complex predictive algorithms. Most indicators are
available in standard LMS reports, electronic
gradebooks, and testing systems. This makes it
possible to use learning analytics to support
pedagogical decisions, even with limited technical
resources.

Discussion. The results confirm that learning
analytics has pedagogical value only when it is
connected with feedback and concrete teacher
decisions. Digital indicators, even if accurate, do not
improve the educational process on their own. They
must be interpreted with regard to the task type,
progress dynamics, learning organization, and
possible external circumstances.

The proposed matrix corresponds to the modern
understanding of learning analytics as a support tool,
not as a tool for automating pedagogical decisions.
Its advantage is that it connects four components that
are often studied separately: an analytical indicator, a
possible interpretation, a form of digital feedback,
and a managerial and pedagogical action. Such a
structure helps avoid a situation in which a teacher
receives a large amount of data but lacks a clear way
to use it.

At the same time, the matrix is indicative. The
same indicator cannot be directly linked to one
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specific reason or decision. For example, low activity
in a learning management system may show low
engagement, technical problems, or work with
materials outside the platform. Therefore, the use of
the matrix requires additional data checks and the
teacher's professional judgment.

The practical value of the proposed approach
lies in its ability to be used without complex
predictive systems. Basic indicators of activity,
achievement, deadlines, and repeated mistakes are
available in most modern LMSs. This makes it
possible to move gradually from simple recording to
analytically grounded feedback, even when technical
resources are limited.

The limitation of the study is connected with its
theoretical and analytical character. The matrix has
not been empirically tested. Therefore, its use
requires further testing in different subjects and
learning formats. A promising direction is to study
which combinations of analytical indicators and
feedback forms have the strongest effect on learning
activity, self-regulation, and learner outcomes.

Conclusions. Learning analytics and digital
feedback are connected components of educational
process management. Analytical data receive
pedagogical meaning only when they are properly
interpreted and used to support further actions of the
learner and the teacher.

The study systematized the main indicators of
learning  activity and defined informational,
corrective, predictive, recommendation, reflective,
and managerial functions of digital feedback. The
developed matrix connects an analytical indicator, its
possible pedagogical interpretation, a message form,
and a relevant managerial and pedagogical decision.

The matrix is indicative because digital traces
do not give enough grounds to identify the causes of
learning behavior with certainty. Its use requires
checking the data, considering the educational
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situation, and relying on the teacher's professional
judgment. Further research should focus on empirical
testing of the matrix and on determining the
effectiveness of specific types of digital feedback.

Use of artificial intelligence (AI) tools. During
manuscript preparation, Al (Grammarly) was used as
an auxiliary tool for the technical review of selected
author-written text at the levels of grammar, spelling,
and punctuation. The AI tool was not used to
generate the substantive parts of the article, including
the aim, methodology, results, discussion, conclu-
sions, or references. All language corrections
suggested by the Al tool were verified by comparing
them with the original text and by checking
terminology, content accuracy, and consistency with
the cited sources. The use of Al did not affect the
research results, their interpretation, or the
conclusions.
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