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Abstract

Relevance. Large-scale national and international assessments generate substantial volumes of performance,
contextual, and administrative data; however, their use in education governance is often confined to a retrospective
description of mean scores and between-group gaps. The need to move from descriptive reporting to anticipatory,
differentiated, and evidence-based governance brings to the fore the application of artificial intelligence (hereinafter —
Al) technologies in educational analytics. At the same time, the high legal and social stakes of educational decisions
call for overcoming technological determinism, preventing discriminatory profiling, strictly complying with personal
data protection legislation, and guaranteeing human primacy and accountability.

Purpose. To substantiate a conceptual model for transforming the results of national and international
assessments into managerial decisions using Al tools, and to determine the organisational, managerial, methodological,
ethical, and legal conditions for its responsible implementation.

Methods. The study employs: conceptual analysis to distinguish educational analytics from static data
visualisation, to differentiate four levels of analytics (descriptive, diagnostic, predictive, and prescriptive
(recommendation-oriented)), and to clarify the essence of the concepts of “algorithmic fairness”, “differentiated
explainability”, and “socio-technical system”; comparative analysis to juxtapose the purposes, scales, target
populations, and limits of normative interpretation of assessment data (PISA, TIMSS, the National Multi-Subject Test
(NMT), nationwide monitoring studies, and digital traces from educational platforms), and to weigh the performance of
complex algorithmic models against interpretable baseline statistical models; thematic coding to systematise the
provisions of international framework documents (OECD, UNESCO, EU legal acts) and scholarly works in order to
identify key risks (sampling bias, temporal degradation of predictive models, bias against particular groups of learners,
and over-reliance on automated decisions) and the potential of algorithmic methods in education quality assessment;
critical synthesis to reconcile the standards of educational measurement (test measurement error, equivalence of test
booklet forms, and the probabilistic nature of scores) with the analytical potential of machine learning methods and
language models and with the legal norms governing the protection of confidential information; and structural-
functional modelling to design a closed cycle of managerial decision support (data — algorithmic model — expert
verification — managerial decision — impact monitoring), to substantiate the component structure of evidence-based
education quality governance, and to formalise a composite criterion of the fitness of analytical models (Q).

Results. A fourteen-component model for transforming the results of national and international assessments
(PISA, NMT, monitoring studies) into managerial actions is substantiated. The model is built as a closed cycle: from
specifying the educational construct (a construct passport) and ensuring the interoperability of heterogeneous registers
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and reference directories to expert verification of signals and evaluation of the actual consequences of managerial
actions. A multi-criteria composite index of model fitness (Q) is developed, which weighs validity with respect to the
educational construct, robustness of algorithms on new samples, algorithmic fairness, intelligibility for users, and the
aggregate cost of possible errors. Scenarios of Al application are systematised according to the levels of education
governance (national, regional, institutional, and the level of the individual learning trajectory), and information security
requirements are defined to preclude direct access of generative models to learners’ personal data.

Conclusions. It is demonstrated that Al in educational analytics serves to augment expert judgement rather than
to act as an autonomous decision-maker; an automated output is a probabilistic signal for a professional, not an
imperative directive. The transition from prediction to action requires an independent evidence base on the effectiveness
of pedagogical interventions and pre-agreed criteria for evaluating possible errors, where the unconditional priority is
to prevent discriminatory profiling of students and to protect comprehensively the rights of all participants in the
educational process. For the education system of Ukraine, a phased transition to Al-supported decision-making is
essential: from ensuring the interoperability of the core classifiers and reference directories of state information systems
(in particular, AIKOM and EDEBO) and implementing low-risk pilot projects (automated processing of response
datasets, data validity checks, and error detection) to legally regulated predictive modelling subject to mandatory
interdisciplinary audit, guaranteed transparency of conclusions, and the right to appeal and to mandatory human review.

Keywords: artificial intelligence, educational analytics, quality of general secondary education, managerial
decisions, PISA, National Multi-Subject Test, forecasting, differentiated explainability of algorithms, algorithmic

fairness, evidence-based education policy, personal data protection.

Introduction. Education quality assessment
systems perform not only a measurement function
but also a direct public governance function: they
make it possible to identify systemic trends,
compare the results of different categories of
learners, diagnose equity of access to quality
education, and provide a scientific basis for the
strategic priorities of state policy. In practice,
however, a tangible gap has long persisted between
the generation of primary datasets and the
implementation of managerial decisions. Analytical
reports are often published with a considerable time
lag, operate with highly aggregated indicators, and
lack the granularity needed to determine which
specific measures will be effective and at what level.
Consequently, the information collected is largely
recorded as a formality rather than being
transformed into a dynamic instrument for the early
detection of learning losses, the targeted provision
of resource support, and the ongoing verification of
the effectiveness of the programmes introduced
(Ferguson, 2012; OECD, 2026a). Contemporary
educational analytics extends beyond traditional
descriptive analysis through the comprehensive
integration of educational measurement results,
contextual questionnaires, state education statistics,
and digital learning traces in information and
communication systems. Al algorithms are capable
of analysing non-linear multifactor dependencies,
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identifying latent structures, classifying textual
corpora of open-ended responses, performing
predictive modelling, and consolidating
multidimensional indicators  to facilitate
interpretation. The OECD Digital Education
Outlook 2026 regards advanced machine learning
methods and language models not merely as a
didactic tool but as a systemic foundation for
modelling individual learning trajectories and
optimising the functioning of educational
institutions and education authorities. At the same
time, extensive computational capabilities do not
override the basic requirements of measurement
reliability, sample representativeness, validity, and
sound interpretation of conclusions (Ferguson,
2012; OECD, 2026b; UNESCO, 2023).

Literature Review. The empirical and
documentary base of the study comprises Ukrainian
legislative and regulatory acts in the fields of
education and information protection, the Concept
for the Development of Artificial Intelligence in
Ukraine, international framework documents of
UNESCO and the OECD on the regulation of Al in
education, official reports and databases of the PISA
and TIMSS studies, and analytical materials of the
Ukrainian  Center for Educational Quality
Assessment. Sources were selected according to the
criteria of relevance to the research purpose,
methodological rigour, institutional authority, and
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practical significance for educational measurement.
Preference was given to regulatory documents,
official analytical reports, and publications in peer-
reviewed scholarly journals (OECD, 2026a, 2026b;
UNESCO, 2023).

The published results of the PISA 2025
international study constitute a representative,
internationally comparable empirical platform for
assessing the state of basic and upper secondary
general education in Ukraine. The study involved
8,962 adolescents from 17 regions of the country;
mean scores were 448 points in scientific literacy,
431 points in mathematics, and 418 points in
reading. Compared with 2022, no statistically
significant decline or increase was recorded, which
indicates a stage of stabilisation of results amid
ongoing security challenges (Hryvko & Zhuk,
2026). The territorial coverage achieved allows
valid direct comparisons between the 2022 and 2025
cycles; however, the generalisations made cannot be
automatically extrapolated to all regions of the
country owing to objective geographical constraints
on sampling. Alongside PISA data, the Ukrainian
information space accumulates datasets from the
National Multi-Subject Test (NMT), the state final
attestation of certain periods, nationwide monitoring
of school graduates’ learning outcomes, local
regional studies, and data from state information
systems, primarily the Automated Information
Complex of Educational Management (AIKOM)
and the Unified State Electronic Database on
Education (EDEBO). Their comprehensive
juxtaposition opens up the potential for a transition
to an advanced system of data-driven governance.
However, fundamental differences in measurement
purposes, original scales, sampling designs, and
data-collection  regulations  preclude  their
mechanical aggregation without prior scientific,
methodological, and regulatory harmonisation
(OECD, 2026a; Ukrainian Center for Educational
Quiality Assessment, 2026).

Ukrainian scholarship has produced a
substantial theoretical body of work on the
digitalisation of education. In particular, O. Spirin
(2025) substantiates the human-centred, ethical, and
normatively balanced foundations of the digital
transformation of the educational environment; S.
Lytvynova et al. (2026) analyse the transformation
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of the information and digital competence of
participants in the educational process under the
influence of generative Al; I. Vorotnykova et al.
(2025) examine adaptive learning environments, the
digital maturity of educational institutions, and
institutional barriers to the adoption of emerging
technologies; M. Pryhodii and O. Radkevych (2026)
substantiate models of personalised learning and
automated test-based assessment and propose
approaches to building intelligent systems that
support effective pedagogical and managerial
decision-making; O. Ovcharuk, O. Hrytsenchuk,
and O. Kravchyna (2026) investigate the needs,
professional readiness, and practices of Ukrainian
teachers with regard to the use of digital tools. These
contributions attest to the progress of Ukrainian
educational science from describing applied
software to a comprehensive analysis of institutional
policies, information security standards, algorithmic
ethics, and mechanisms that guarantee human
oversight. Nevertheless, the direct methodological
integration of the results of large-scale education
quality assessments, the algorithmic systems for
processing them, and the subsequent steps towards
effective managerial decisions remains
insufficiently addressed. Other Ukrainian authors
regard Al as a key instrument for transforming the
educational space, focusing on the construction of
flexible individual trajectories, accessibility
principles, and support for teachers’ work. At the
same time, they highlight challenges related to
academic integrity, uneven digital literacy,
insufficient transparency of automated algorithms,
and potential user distrust of generated analytical
outputs. These findings lay the groundwork for the
present study, but the specific mechanism for
transforming external assessment data into legally
sound managerial actions with the involvement of
Al requires holistic conceptualisation (Luchaninova,
2025; Oleksiuk et al., 2025; Pinchuk & Kokhan,
2024; V. O. Radkevych et al., 2025; Yatsyshyn,
2025).

International experience demonstrates that
algorithmic methods can successfully streamline the
review of test materials for alignment with
framework specifications, ensure standardised
coding of open-ended responses, detect early signs
of educational disadvantage, and model the
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differential effects of interventions. At the same
time, IEA analytical reports based on TIMSS
indicate high agreement between language-model
classifications of items and content domains, but
considerably lower quality in differentiating items
by cognitive domain and in estimating the empirical
difficulty of items. Hence, even in formalised
subject domains, algorithmisation has limited
reliability and requires mandatory expert review
(Bezirhan & von Davier, 2026; Holmes et al., 2019).
The scientific contradiction lies in the fact that
education governance actors at all levels need
prompt, detailed analytical conclusions to make
timely decisions, whereas ensuring the validity of
educational measurement results requires in-depth
contextualisation, estimation of statistical error, and
time for expert verification. A further contradiction
arises between the aspiration to individualise
targeted support for learners and the imperative of
preventing their discriminatory profiling, the
restriction of their rights, or their unjustified
automated allocation to categories of educational
risk. The research gap lies in the absence of a
theoretically grounded model that comprehensively
integrates a contemporary analytical toolKit,
psychometric  reliability, legal and ethical
safeguards, and a regulated decision-making cycle.

Purpose: to provide a theoretical
substantiation of a conceptual model for
transforming the results of national and international
education quality assessments into evidence-based
managerial decisions using Al tools, and to
determine  the  organisational, = managerial,
methodological, and legal conditions for its safe and
responsible use.

Methods: The study employs: conceptual
analysis to distinguish educational analytics from
static data visualisation, to differentiate four levels
of analytics (descriptive, diagnostic, predictive, and
prescriptive (recommendation-oriented)), and to
clarify the essence of the concepts of “algorithmic
fairness”, “differentiated explainability”, and
“socio-technical system”; comparative analysis to
juxtapose the purposes, scales, target populations,
and limits of normative interpretation of assessment
data (PISA, TIMSS, the National Multi-Subject Test
(NMT), nationwide monitoring studies, and digital
traces from educational platforms), and to weigh the
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performance of complex algorithmic models against
interpretable baseline statistical models; thematic
coding to systematise the provisions of international
framework documents (OECD, UNESCO, EU legal
acts) and scholarly works in order to identify key
risks (sampling bias, temporal degradation of
predictive models, bias against particular groups of
learners, and over-reliance on automated decisions)
and the potential of algorithmic methods in
education quality assessment; critical synthesis to
reconcile the standards of educational measurement
(test measurement error, equivalence of test booklet
forms, and the probabilistic nature of scores) with
the analytical potential of machine learning methods
and language models and with the legal norms
governing the protection of confidential
information; and structural-functional modelling to
design a closed cycle of managerial decision support
(data — algorithmic model — expert verification —
managerial decision — impact monitoring), to
substantiate the component structure of evidence-
based education quality governance, and to
formalise a composite criterion of the fitness of
analytical models (Q).

Results and Discussion. To address the
challenges outlined above systematically, the use of
Al tools should be regarded not as the local
deployment of a stand-alone algorithm but as a
component of a comprehensive socio-technical
system. In such a system, source data are
accumulated through clearly regulated measurement
procedures, the algorithmic output is interpreted by
qualified professionals, and the resulting managerial
decision directly affects educational institutions,
teachers, and learners. Under this approach, the key
emphasis shifts from the purely technological
question “Which model should be chosen?” to
methodological and managerial questions: which
specific managerial task requires analytical support;
whether the data collected are representative and
valid for addressing it; which types of algorithmic
error pose a critical threat to the rights of participants
in the educational process; and who bears personal
responsibility for the practical consequences of the
decision made. Within evidence-based governance,
educational analytics should be defined as a

regulated process of collecting, semantically
integrating, mathematically and statistically
171



processing, and  substantively interpreting
information on learning outcomes, conditions,
environment, and dynamics in order to develop and
verify decisions. It should not be equated with static
data visualisation. A dashboard primarily answers
the retrospective question “What happened?”,
whereas a complete analytical cycle should identify
probable influencing factors, forecast the onset of
risks, propose and evaluate scenarios for possible
interventions, and track their actual effectiveness
(Ferguson, 2012). The analytical cycle clearly
distinguishes four functional levels: the first,
descriptive analytics, systematises and presents
empirical distributions of indicators, the state of the
educational  environment, and  retrospective
dynamics; the second, diagnostic analytics, assesses
correlations, performs factorisation, and formulates
scientific hypotheses about the probable causes of
the observed results; the third, predictive analytics,
uses historical dependencies and available indicators
to estimate the probability of certain educational
events in the future (for example, the risk of not
attaining a baseline level of literacy); and the fourth,
prescriptive (recommendation-oriented) analytics,
models possible options for managerial action and
evaluates their expected consequences against a
given set of criteria. The greatest risks to learners’
rights and to the soundness of decisions arise at the
transition from the predictive to the prescriptive
level. A statistically established high probability of
underachievement or educational failure indicates a
correlational risk but does not, by itself, establish its
root cause or guarantee that a proposed standard
intervention will be effective. Any managerial
recommendation must rest on a separate evidence
base of pedagogical effectiveness (Ferguson, 2012;
OECD, 2026b).

In this context, the concept of Al
encompasses a set of methods of machine learning,
natural language processing, anomaly detection, and
generative language models that automate certain
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analytical procedures. At the same time, classical
methods of educational statistics and psychometrics
(item response theory (IRT), structural equation
modelling, etc.) remain the priority where direct
interpretability of model parameters, work with
multistage subsamples, or preservation of the
equivalence of measurement scales over time is
critical. The choice of a specific tool should be
determined not by its technological novelty but by
the substance of the managerial task and the
structure of the data (Holmes et al., 2019; UNESCO,
2023). Analytical added value arises from the
systematic combination of different data sources, yet
each of them has its own normative nature and
research design. PISA assesses the functional
literacy of 15-year-olds and provides a broad
contextual snapshot of learning conditions; TIMSS
is directly linked to the content of mathematics and
science curricula in specified grades; NMT results
serve the normative selection purpose of competitive
admission; and the nationwide monitoring studies of
the Ukrainian Center for Educational Quality
Assessment (UCEQA) focus on the level of
development of key competences at certain stages of
general secondary education. Administrative
information from state registers (in particular,
AIKOM and EDEBO) characterises the network of
institutions, their material and technical condition,
staffing, and student mobility, whereas digital
distance-learning platforms record process traces of
everyday activity. The fundamental differences in
the primary purposes of data collection indicate that
no indicator may be used outside its defined domain
of validity without a dedicated scientific and
methodological justification (International
Association for the Evaluation of Educational
Achievement, 2026; OECD, 2026a; Ukrainian
Center for Educational Quality Assessment, 2026).
The main data sources and the limits of their use are
mapped in Fig. 1.
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Fig. 1. Analytical map of data sources and the limits of their use
Source: developed by the author.

Integrating data into a single analytical
system requires ensuring the interoperability of core
classifiers and reference directories, using persistent
identifiers, removing duplicates, strictly logging
data provenance, and having a legal basis for
processing information in accordance with the Law
of Ukraine “On Personal Data Protection”.
Technical and legal separation of information is of
fundamental importance: data suitable for
aggregated systemic macro-analysis must be
isolated from the pipelines through which individual
decisions concerning a specific learner or teacher are
made. De-identification substantially reduces the
threat of personal data leakage; however, where
numerous geographical and contextual attributes are
present, the risk of re-identification of small groups

persists. Therefore, user access should be
differentiated by roles (role-based access control),
and the publication or generation of analytical
conclusions concerning small groups of students
should be subject to regulatory rules on the
minimum permissible group size (European
Parliament & Council of the European Union, 2024;
UNESCO, 2023). To evaluate the fitness of a
particular mathematical model for the needs of
education governance, it is insufficient to rely on
indicators of its formal statistical accuracy (for
example, Accuracy, RMSE, or AUC-ROC). It is
proposed to apply a composite model quality
criterion formalised as a weighted score (Kizilcec &
Lee, 2022; UNESCO, 2023):

Q=wV+wR+w3F+w,E—wsC

In this expression, Q denotes the composite
index of a model’s fitness for managerial decision-
making; V is the level of validity with respect to the
target educational construct; R is the stability of
results on new datasets; F is algorithmic fairness (the
absence of discriminatory bias against vulnerable or
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specific groups of learners); E is the degree of
intelligibility and explainability of the model’s logic
for a professional; C is the aggregate cost of
implementing the model and of potential losses from
erroneous decisions; and wi...ws are normalised
weighting coefficients determined by the normative
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priorities of education policy. The practical
significance of this relationship is that a model with
high formal accuracy must be unconditionally
rejected if it shows substantially poorer algorithmic
fairness, sampling bias, or complete opacity (a
“black box”). The composite index Q should be
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interpreted as an internal criterion for comparing
alternative solutions within a defined task rather
than as a universal scale for rating algorithms. The
closed cycle within which such models are applied
is shown in Fig. 2.
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Fig. 2. Ecosystem for transforming assessment data into managerial decisions
Source: developed by the author.

At the stage of primary data preparation, Al
algorithms provide automated detection of technical
errors and duplicate records, data verification,
harmonisation of discrepancies in reference
directories, and structuring of open-ended text
responses. This streamlines resource-intensive
routine processes. At the same time, systematic
errors of algorithmic matching can imperceptibly
distort the structure of the primary dataset.
Accordingly, all steps of automated data
transformation must be logged, reproducible, and
regularly verified on control samples by experts in
educational ~ measurement (OECD,  2026b;
UNESCO, 2023). At the modelling stage proper, Al
methods enable early prediction of the risks of
learning losses, classification of the needs profiles of
educational institutions, and detection of hidden
correlations between resource provision and
learning outcomes. However, an algorithmically
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generated prediction is by no means a statement of a
student’s fixed “abilities”. It is a conditional
probabilistic estimate based on the past state of the
environment and a limited set of input parameters. If
the historical dataset reflected the consequences of
socio-economic inequality or restricted access to in-
person learning, the model will inevitably reproduce
this inequality in the form of a seemingly
“objective” negative prediction (Kizilcec & Lee,
2022; UNESCO, 2023). At the stage of substantive
interpretation, explainable Al tools make it possible
to quantify the contribution of individual factors to
a prediction or to construct counterfactual scenarios.
However, the local explainability of an individual
prediction does not prove a causal relationship, and
the high weight of a certain variable does not
guarantee that an artificial change in this parameter
will produce the desired improvement in the quality
of education. For example, a relationship detected
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by the system between the number of missed classes
and low learning outcomes provides grounds for a
professional examination of the situation, but
managerial decisions must take into account the
security  situation, health  status, internal
displacement, or the lack of technical devices for
learning (Kizilcec & Lee, 2022; Veale & Borgesius,
2021).

Generative Al makes it possible to rapidly
transform structured reports into draft analytical
briefs tailored to the needs of specific stakeholders.
Its advantage lies in the speed of text synthesis,
whereas its risk lies in a tendency to produce
inaccurate  information  (hallucinations) and

—
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Non-linear relationships

Risk prediction

Scale comparability
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plausible ~ yet  unfounded generalisations.
Accordingly, generative tools must under no
circumstances be entrusted with calculating official
statistical indicators or formulating final managerial
conclusions. A secure architecture requires the
generative model to operate exclusively on top of a
verified table of aggregated indicators as a text
interface, with mandatory retention of source
references and under the mandatory editorial control
of a professional (OECD, 2026b; UNESCO, 2023).
The correspondence between analytical approaches,
their appropriate applications, and mandatory
safeguards is summarised in Fig. 3.

——

LANGUAGE MODELS CAUSAL METHODS

Response coding Intervention effects
Analytical summaries Programme evaluation

g

[\ il
v
Safeguard: Safeguard: Safeguard: Safeguard:
interpretability group error audit human verification justified assumptions

The method is chosen by the managerial question, not by technological novelty

Fig. 3. Matrix for selecting an analytical approach
Source: developed by the author.

The transition to practical managerial action
requires a clear delineation of the levels of education
governance and of the powers of the actors involved:

at the national level, algorithmic analytics
makes it possible to identify systemic inter-regional
and socio-economic gaps, forecast the need for
capital and learning resources, and substantiate
targeted state support programmes;

at the regional level, Al systems are
appropriate for analysing the territorial accessibility
of the network of general secondary education
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institutions, modelling the risks of staff shortages,
and planning a safe educational environment;

at the level of the educational institution,
analytical tools may alert the leadership and the
pedagogical council to typical subject-specific
difficulties of student groups so that the educational
programme can be adjusted in a timely manner, but
they may not be used for the automated ranking of
teachers or the segregation of student groups;

at the level of the individual learner, only
supportive, recommendation-oriented  adaptive
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learning materials may be generated; the decision to
provide them is made by the teacher, while the
learner and their legal representatives have a
statutory right to appeal the conclusions and to
refuse automated intervention (European Parliament
& Council of the European Union, 2024).

The decision threshold of a predictive model
is determined not only by a statistical criterion but
also by the normative and ethical weight of possible
errors. Since an undetected risk deprives a student of
timely individualised support, the system is
optimised in favour of sensitivity in order to
minimise Type Il errors. If, however, an automated
signal entails mandatory referral to special
programmes, which may lead to stigmatisation or an
artificial ~restriction of access to academic
programmes, a false-positive error becomes
critically dangerous. Hence, the ratio of permissible
errors must be formally approved by the education
authority before the system is put into practical
operation (Kizilcec & Lee, 2022). The practical
algorithm for implementing a model consists of
seven consecutive steps: first, formalising the
managerial task and defining the target criteria;
second, legal verification of the lawfulness of using
the selected data and of privacy protection; third,
building a baseline interpretable model and
comparing it with machine learning algorithms;
fourth, external validation on control samples; fifth,
an audit of algorithmic fairness across demographic
groups; sixth, review of the results by an
interdisciplinary expert commission; and seventh,
post-implementation evaluation of the consequences
of the decision for the educational process.

A mandatory rule should be the comparison
of a complex Al algorithm with a simple
interpretable model: if the gain in practical accuracy
of the complex solution is statistically insignificant,
unconditional preference is given to the transparent
and intelligible analytical approach (Veale &
Borgesius, 2021). The key risks of algorithmisation
include non-representative samples, measurement
error of instruments, personal data leakage,
entrenchment of discriminatory biases, algorithmic
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opacity, automation bias (uncritical acceptance of
computer-generated conclusions by officials), and
model instability over time. Under martial law and
during post-war recovery, the continuous migration
of learners, disruptions to the stability of the
educational process, and differences in security
conditions  substantially  distort  established
relationships. A model calibrated on data from
previous years rapidly loses validity and requires re-
examination (European Parliament & Council of the
European Union, 2024; UNESCO, 2023).

Algorithmic fairness cannot be reduced to a
single coefficient. The mathematical conditions of
equal rates of positive predictions, equal sensitivity,
and consistent calibration come into mutual conflict
when the base rate of outcomes objectively differs
between groups owing to unequal starting
conditions. Therefore, the priority understanding of
fairness is defined normatively for each individual
project. For compensatory support programmes, the
principle of equal access to support prevails,
whereas decisions with high legal stakes are subject
to strict constraints that exclude any form of
discrimination (Kizilcec & Lee, 2022). The
requirement of explainability should likewise be
targeted and differentiated. An analyst needs
information on the model structure, parameter
weights, confidence intervals, and calibration
curves; the head of an education authority needs a
clear statement of the problem, the level of
uncertainty of the conclusion, the list of verified
influencing factors, and the limits of legitimate
action; a teacher needs a detailed account of learning
difficulties and error types; and learners and parents
need a transparent explanation of which information
served as the basis for the conclusion, who
personally made the decision, and how it can be
appealed. The exercise of the right to explanation in
education should ensure substantive intelligibility of
the process rather than a formal display of
mathematical coefficients (Veale & Borgesius,
2021). The multi-level model of responsible Al use,
together with its cross-cutting safeguards, is
presented in Fig. 4.
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Fig. 4. Multi-level model of responsible Al use in educational analytics
Source: developed by the author.

A holistic concept of applying Al systems to
education quality monitoring and governance rests
on the recognition that the quality of education is a
multidimensional normative and pedagogical
construct that can by no means be reduced to an
aggregate test score. Quality encompasses the level
of learning achievement, equity of access to
education, safety, psycho-emotional well-being and
inclusiveness of the environment, the sustainability
of individual trajectories, the efficient use of
material resources, and the adaptability of the
educational institution. Al should be applied not to
build mechanical school rankings but as a tool for
reconciling heterogeneous evidence. Within this
paradigm, PISA 2025 data are the most important
external international benchmark, capturing the
functional literacy of 15-year-olds and the depth of
socio-economic gaps; however, they do not
substitute for the results of the state final attestation,
formative and ongoing assessment, primary-level
monitoring, or institutional audit procedures in
general secondary education institutions. The
conceptual core is an evidence-based quality model
in which each analytical indicator has a normatively
defined purpose, limits of validity, and a designated
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accountable  actor (OECD, 2026a). The
implementation of this concept encompasses
fourteen interrelated components:

1) model of the educational construct: before
algorithmic data processing begins, it is normatively
determined which specific components of
educational quality are to be measured, through
which indicators they are captured, and which
decisions may legitimately be made on their basis.
For each model, a “target construct passport” is
approved, which records the permissible features,
the units of observation, and a prohibition on using
simplified digital indicators as proxies for complex
pedagogical phenomena (Holmes et al., 2019);

2) multi-source evidence architecture:
ensures the aggregation and reconciliation of the
results of external and internal assessments,
sociological surveys, AIKOM and EDEBO register
data, and digital traces of interaction with electronic
educational resources. Integration is based on a
semantically consistent analytical data layer that
preserves information on the provenance of each
indicator, the date of its recording, the legal basis for
processing, and the permissible level of granularity,
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without mechanically mixing incompatible datasets
(Ferguson, 2012; OECD, 2026b);

3) data quality and reliability control:
algorithmic models do not correct biased samples;
therefore, a data quality profile (completeness,
timeliness,  representativeness,  absence  of
systematic distortions) is compiled before modelling
begins. Al automates the detection of errors and
atypical missing values, but data correction
procedures must be approved by experts in
educational measurement (OECD, 2026a; Ukrainian
Center for Educational Quality Assessment, 2026);

4) psychometrically grounded application of
modelling methods: in large-scale assessments,
individual scores are probabilistic in nature (they are
estimated through plausible values). Al algorithms
must take into account the sampling design,
measurement error, and the rotation of test booklet
forms. Machine learning combines effectively with
classical IRT models: psychometrics ensures the
precision and stability of scaling, while machine
learning detects non-linear risk factors, with every
conclusion accompanied by a confidence interval
(OECD, 20263);

5) Al-supported review of assessment
materials: language models are involved in the
preliminary analysis of item specifications, the initial
generation of alternative distractors, and the
evaluation of the linguistic accessibility of item
stems. At the same time, no automatically generated
test item may be used in live assessment without
subject-matter, methodological, anti-discrimination,
and psychometric review by expert panels, followed
by mandatory pilot testing (Bezirhan & von Davier,
2026);

6) automated processing of constructed-
response datasets: Al algorithms substantially
increase the productivity of the initial coding of
learners’ extended written responses. A scientifically
sound procedure relies on an expert-verified sample
of responses, mandatory double coding of part of the
dataset by a human and by the model, and monitoring
of scoring agreement. All non-standard, borderline,
low-confidence, and appealed responses are reviewed
exclusively by a human expert (Bezirhan & von
Davier, 2026; UNESCO, 2023);

7) analysis of the dynamics of individual and
group learning trajectories: education quality
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assessment is reoriented from the discrete recording
of static results to the study of the sustainability of
learning progress over time. Al makes it possible to
model trajectories of recovery from learning losses
and to forecast the effectiveness of adaptive
programmes. At the same time, a digital profile must
not become an instrument of student segregation: it is
temporary and is updated in line with current progress
(OECD, 2026b);

8) diagnosis of educational inequality and
fairness audit: Al makes it possible to analyse
complex intersecting relationships among factors of
educational disadvantage, such as family socio-
economic status, type of locality, mode of learning
(in-person, distance, blended), and forced
displacement. Sensitive demographic data are used
exclusively to design targeted support, while the
analytical model itself is audited for the uniformity of
errors across different categories of students (Kizilcec
& Lee, 2022);

9) causally grounded selection of
pedagogical and managerial interventions: a model’s
predictive signal indicates the presence of an
educational risk but does not determine an
unambiguous way to address it. The selection of
measures relies on a dedicated scientific evidence
base of proven pedagogical technologies and
programmes. Every analytical brief must clearly
distinguish three positions: the identified risk, the risk
factors requiring confirmation by a teacher, and
recommended measures with proven effectiveness
(Kizilcec & Lee, 2022);

10) multi-level differentiation of managerial
scenarios: information flows and access rights are
strictly distributed in accordance with statutory
powers: the national level — macro-analysis of
strategic gaps; the regional level — optimisation of the
network and resource provision; the institutional level
— internal quality assurance and monitoring of
subject-specific learning outcomes; the class and
learner level — personalised adjustment of the
educational process, with priority given to teachers’
professional autonomy (OECD, 2026b; UNESCO,
2023);

11) differentiated explainability of analytical
conclusions: the system must provide a multi-level
substantive account of the logic of the models: for
analysts — confusion matrices, parameter weights,
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and distributional stability; for managers — the logic
of recommendations and the degree of uncertainty;
for teachers — a characterisation of typical learning
gaps; for learners and parents — an accessible
explanation of the grounds for the individual support
plan and the procedure for its review (UNESCO,
2023; Veale & Borgesius, 2021);

12) institutional governance and the life cycle
of analytical systems: before a model is put into trial
operation, its purpose, legal grounds, composition of
input data, and boundary cases in which its use is
prohibited are approved. During operation,
systematic monitoring of model degradation is
ensured, a register of algorithm changes is
maintained, and false alarms are recorded. Personal
responsibility for managerial actions is legally
assigned to the relevant official (European Parliament
& Council of the European Union, 2024; UNESCO,
2023);

13) evaluation of the overall impact of the
analytical system: the effectiveness of Al
implementation is measured not by the mathematical
accuracy of the code but by practical changes in the
educational environment: reduction of learning
losses, elimination of inter-regional disparities, speed
of access to targeted methodological assistance,
teacher satisfaction, and the absence of
discriminatory consequences for students (Kizilcec &
Lee, 2022; UNESCO, 2023);

14) human capacity building and the digital
culture of participants: the introduction of Al
technologies requires mandatory systematic training
of school leaders and teachers in data literacy, the
fundamentals of educational measurement, the
interpretation of errors, and the legal standards of
personal data protection. Analytical tools should be
developed with the active participation of educators
so that the algorithms correspond to the real operating
conditions of educational institutions (Oleksiuk et al.,
2025; Ovcharuk et al., 2026; Spirin, 2025).

Thus, the holistic model of Al application in
educational analytics is a closed socio-technical
system in which, at every stage, technical operations
are subordinated to a pedagogical purpose and
constrained by legal guarantees of human rights
protection. PISA 2025 data provide a systemic
comparative baseline, but managerial decisions must
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be grounded in a comprehensive, multi-level body of
evidence.

For Ukraine, the most rational approach is a
phased strategy for implementing this concept:

Stage 1: creating a national catalogue of
education data, ensuring the interoperability of the
core vocabularies, reference directories, and
classifiers of education registers (AIKOM, EDEBO),
and developing regulations on data quality and
information protection;

Stage 2: launching limited low-risk pilot
projects, namely automated coding of open-ended
tasks in academic olympiads or monitoring studies,
detection of technical errors, and data validity checks;

Stage 3: introducing predictive decision-
support systems solely at the level of network
planning and targeted assistance, subject to a
mandatory external audit, adherence to algorithmic
fairness, and a regulated review procedure;

Stage 4: comprehensive institutionalisation of
the audit of Al systems in education and regular state
monitoring of their actual socio-pedagogical impact
(Spirin, 2025; UNESCO, 2023).

The architecture of the state education
analytics system should clearly separate the primary
protected repository of state registers, a de-identified
verified analytical data layer, and user access
interfaces. The overwhelming majority of analytical
and predictive managerial tasks should be performed
using exclusively de-identified or aggregated data.
Direct access to identifiable personal data of learners
or teachers must be strictly limited by the
requirements of current legislation, require a special
legal protocol, and be accompanied by
comprehensive digital logging of every access
request (European Parliament & Council of the
European Union, 2024). The organisational core for
governing such systems should be a standing
Interdisciplinary Expert Council comprising leading
experts in educational measurement, specialists in Al
and information security, lawyers, representatives of
education authorities, heads of educational
institutions, and teachers. The Council’s remit should
consist not in an abstract endorsement of information
technologies but in a substantive professional review
of each individual analytical algorithm: analysis of its
objectives, an audit of data representativeness,
estimation of the cost of probable model errors,
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assurance of transparency, and verification of
decision appeal protocols. Such a mechanism will
ensure a transparent allocation of responsibility and
guarantee the unconditional primacy of human rights
and legitimate interests (UNESCO, 2023).

Conclusions. The study gives grounds to
assert that Al technologies open up qualitatively new
opportunities for strengthening the analytical
capacity of the education governance system on the
basis of international and national assessment data. At
the same time, the final effect depends not so much
on the computational power of algorithms as on the
methodological soundness and institutional safety of
the entire socio-technical cycle. At the current stage,
the most justified functional areas of Al use are
automated quality control of primary data, semantic
reconciliation of registers, structuring of extended
text responses, detection of hidden correlations in the
educational environment, modelling of the risks of
learning losses, and prompt preparation of draft
analytical materials for experts. In each scenario, an
algorithmically generated conclusion should be
treated exclusively as an advisory analytical signal
for a professional rather than as a binding managerial
decision.

The scientific novelty of the proposed
approach lies in the systematic differentiation of four
levels of analytics: descriptive, diagnostic, predictive,
and prescriptive. Such structuring prevents a
methodological substitution of concepts whereby the
statistical probability of an event is mistakenly
equated with establishing the cause of difficulties or
with a direct prescription for pedagogical action. The
conceptual model developed (data — Al modelling —
expert verification — managerial decision — impact
evaluation) substantiates that managerial validity
results not from the autonomous operation of a model
but from a balanced combination of the metrological
quality of measurement, algorithmic fairness,
adaptive explainability, and normative human
responsibility. The practical significance of the
results for the education sector of Ukraine lies in
defining the prerequisites for a transition from
fragmented paper-based and digital reports (PISA,
NMT, UCEQA monitoring studies, AIKOM and
EDEBO registers) to an integrated, regulated
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analytical platform. The priority steps should be
ensuring full interoperability of state education
classifiers and reference directories, approving data
quality control protocols, and launching pilot
solutions with minimal legal risks for participants in
the educational process. The use of predictive models
with respect to specific individuals is permissible
only subject to their prior external validation, an audit
of error fairness across different categories of
learners, and statutory guarantees of the right to
professional expert review and appeal of conclusions.
The use of high-risk automated decision-making
systems without human involvement is deemed
unacceptable.

The mechanism of explainability of Al
decisions in education management functions solely
as a multi-level differentiated system: analysts
receive technical metrics of model stability, whereas
teachers, students, and their legal representatives
receive a practical interpretation of the identified
learning difficulties together with the legal procedure
for appealing or reviewing recommendations. The
application of algorithmic fairness in education
governance precludes the use of a single
mathematical template, making the optimisation
criteria (in particular, equalisation of false-positive or
false-negative rates) directly dependent on the type of
managerial intervention, that is, the provision of
compensatory academic support or the making of
selective and competitive decisions.

The limitations of the study stem from its
theoretical and generalising nature, which did not
involve direct computational experiments with
training neural networks on primary microdata from
Ukrainian assessments. Further research should focus
on creating open verified educational datasets for
testing domestic models; comparing the accuracy of
simple interpretable algorithms and deep neural
networks; studying the robustness of algorithmic
decisions under war-related distortions of the
educational space; developing a sectoral standard for
Al audit in education; and empirically testing the
effectiveness of implementing evidence-based
algorithmic models in the practice of education
authorities and general secondary education
institutions.
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Pedepar:

Axmyanvnicmy. MacmTabHi  HaIliOHaNbHI ¥ MDKHApOJHI OIIHIOBaHHS TeHEPyIOTh 3HAYHI MacHUBHU
pe3yIbTaTUBHHUX, KOHTEKCTHUX Ta aAMIHICTPaTUBHHX JaHUX, OJJHAK X BUKOPUCTAHHs B CHCTEMI YIPABIiHHS OCBITOIO
HEPIIKO 0OMEKY€ETHCSI PETPOCIIEKTUBHUM OIMCOM CEpEe/IHIX OaliB i MiXKIpynoBux po3pueiB. [loTpeba mepexony Bix
KOHCTAaTyBaJIbHOI 3BITHOCTI JI0 BHUIIEPEKAIBLHOTO, AM(EpeHIiioBaHOTO Ta JOKAa30BOTO YIIPABIIHHS AaKTyali3ye
3aCTOCYBaHHSI TEXHOJOTi mTy4Horo iHtenekty (mami — II) B ocBitHiK aHamitumi. BogHodac BHCOKI mpaBoBi it
COLliaJIbHI CTaBKM OCBITHIX pillleHb BHMAaraimTh T[OAOJIAHHS TEXHOJOTIYHOrO JAETepMiHI3My, 3amoOiraHHs
JUCKPUMIHALITHUM TPO(ITIOBaHHSAM, CyBOPOTO NOTPUMAaHHS 3aKOHOAABCTBA PO 3aXUCT MEPCOHAIBHUX AAaHUX Ta
rapaHTyBaHHS NIPIOPUTETY 1 30€peKEeHHS BiIOBITATBHOCTI JIFOAWHU.

Mema. oOrpyHTYBaHHSI KOHIICTITYaIbHOI MOJIEIi MEPETBOPECHHS PEe3yJbTaTiB HA[IOHAILHUX 1 MDKHAPOIHUX
OLIIHIOBAaHb HA YMPAaBIiHCHKI pillleHHs i3 3acTocyBaHHsAM iHcTpyMmeHTiB LI, a Takox BH3HA4YeHHsS OpraHi3amiiHO-
YIPaBIiHCHKUX, METOJUIHUX, ETHYHUX 1 IPABOBUX YMOB ii BIZIIIOBITATBHOTO BIPOBAKEHHS.

Memoou. KkonyenmyanbHo2o ananizy — IUI1 PO3MEXKYBaHHS MOHATh OCBITHBOI AHAJNITHKM Ta CTaTHYHOI
Bigyamizamii naHux, JudepeHmiamii YOTHPHOX PIBHIB aHANITHKK (OMUCOBOi, MAiarHOCTUYHOi, MPOTHO3HO,
MPECKPUNITUBHOI (PEKOMEHIALINHOT)), @ TAKOXX CYTHICHOIO PO3KPHUTTS IMOHATH «AJITOPUTMIUHA CIPABEAJIMBICTHY,
«audepeHniioBaHa MOSCHIOBAHICTE» 1 «COLIOTEXHIYHA CHCTEMay; HOPIGHATPHO20 aHani3y — 1 3icTaBIEHHS LJIEH,
IIKaJl, TeHEepaJlbHUX CYKYITHOCTEH 1 MeX HOpMaTHBHOI iHTeprperamii qanux omiHtoBaHb (PISA, TIMSS, HMT,
3arajibHO/IeP’KaBHIX MOHITOPHHTIB, HU(POBUX CITiIB OCBITHIX MIaT(HOpM), a TAKOXK JUIS OI[IHIOBAHHS CITiBBITHOIIICHHS
e(eKTHBHOCTI CKJIQJAHUX AQJIrOPUTMIYHMX MOJENEH Ta IHTEPIpPEeTOBaHMX OAa30BHX CTATHCTHUYHUX MOJENEH;
MeMamuyHo20 KOOY8anusa — JUIsl CACTEMATH3alli] MOJI0KEHb MKHAPOIHUX pamKkoBUX JokyMeHTiB (OECD, FOHECKO,
npaBoBuX akTiB €C) Ta HAYKOBUX Tpallb 1010 BUSBICHHS KIIIOYOBUX PU3HKIB (CIIOTBOPEHHS BUOIPKH, 3aCTapiBaHHS
MPOTHO3HMX MOJENed y daci, ymnepeIkeHe CTaBJICHHS A0 OKpeMHUX TIpyn 3100yBauiB OCBITH, HaaJoBipa [0
ABTOMAaTHU30BaHUX pIllIeHb) 1 MOTEHIialy BHUKOPHCTAHHS AJITOPUTMIYHHUX METOMIB B OI[IHFOBAaHHI SKOCTI OCBITH;
KPUMUYHO20 CUHme3y — JUIS METOOJIONTYHOr0 Y3TrO/KCHHS CTaHIAapTiB MeJarorivyHoro BUMIPIOBaHHS (CTaTHCTUYHI
MMOXWOKH TECTIB, €KBIBaJICHTHICTh BapiaHTIB TECTOBUX 3OIIUTIB, IMOBIPHICHMI XapakTep OaiiB) 3 aHAIITHYHUM
MOTEHIIIaJIOM METOMIB MAIIMHHOIO HAaBYaHHS, MOBHUX MoOJEJIed 1 HOpMamH 3aKOHOJABCTBA IIOJO 3aXHCTY
KOH(IISHIIIHOT 1HpOPpMAIIT; cmpyKmypHO-(YHKYIOHATbHO20 MOOET08aAHHS — JUIsl PO3POOJICHHS 3aMKHEHOTO ITHKITY
MiATPUMKH yTIPAaBIiHCHKHX pillieHb (JaHi — aJrOpUTMIYHA MOJIETb — eKCIIEPTHA BepU(iKallisi — YIPaBIiHChKE PillIeHHsI
— MOHITOPMHI HACHTiJKiB), OOIPYHTYBaHHS KOMIIOHEHTHOI CTPYKTYpH OOKa30BOI'O YIPAaBIiHHS SIKICTIO OCBITH Ta
(dbopmaiizalii KOMILIEKCHOTO KPUTEPIIO MPUJIATHOCTI aHANITHIHUX Mojenei (Q).

Pezynvmamu. OOrpyHTOBaHO YOTHPHAIIITHKOMIIOHEHTHY MOJICTh IEPETBOPEHHSI pe3yIbTAaTiB HAIllOHATEHIX
i MmixHapoguux ouiHioBaHb (PISA, HMT, MOHITOpHHIOBI JOCHIJ)KEHHs) Ha YNpPaBIiHCBKI Aii, moOymoBaHy 3a
3aMKHEHHMM LIMKJIOM: BiJ MacnopTU3alil OCBITHROIO KOHCTPYKTa i 3a0e3MeueHHs] CyMiCHOCTI Pi3HOPIZHHUX PEECTPIB i
JOBIIHUKIB 70 €KCIepTHOI Bepudikallii CHUrHAJIIB Ta OI[IHIOBaHHS ()AaKTUYHHUX HACIHIJIKIB YIPAaBIIHCHKUX IiM.
CdhopmoBaHo OaraTokpuTepiallbHUH THTErpAIbHUM MTOKa3HUK MPUAATHOCTI Mojiereit (Q), 1110 3BaXKye BaJiIHICTh MI0/I0
OCBITHBOTO KOHCTPYKTa, CTIHKICTh JITOPUTMIB Ha HOBUX BHOIpKax, alrOPUTMIUHY CIIPaBEAIUBICT, 3pO3yMITICTh A5
KOPHCTYBa4iB Ta CYKYyIHY IiHY MOXJIMBUX MOMIIOK. CucreMaTn3oBaHo ciieHapii 3acrocyBanHs LI BiamosimHO 10
PIBHIB OCBITHBOT'O YIIPaBJIiHHSI (JIEPKABHOT'O, PETIOHATBHOTO, PiBHS 3aKJIa Ty OCBITH Ta PiBHS 1HAWBIYIbHOT OCBITHBOT
TpaekTopii) 1 BU3HAUEHO BUMOTHU iH(opMamiifHoi Oe3neku Ui YHEMOXKIIUBIEHHS MPSMOI0 JOCTYIy T'€HepaTHBHUX
MoJieJIel 10 IepCOHANBHUX JaHUX 3100yBayiB OCBITH.
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Bucnoexu. JloBeneno, mo 111 B ocBiTHIM aHAITHIII BUKOHYE (DYHKITIIO MiACHICHHS €KCIIEPTHOTO CYIKCHHS, a
HE aBTOHOMHOT'O Cy0’€KTa yXBaJCHHS pillleHb; aBTOMAaTU30BaHUHN PE3yJIbTaT € HMOBIPHICHUM CUTHAIIOM JUTA (paxiBis,
a He IMIIEPaTUBHOKO JUPEKTUBOIO. [lepexin Bix mporHo3y 1o Aii moTpedye He3aleKHOI JOKa30Boi 0a3u e()eKTUBHOCTI
MeJaroriYHuX BTPYy4YaHb 1 3aBYACHO Y3TOKEHUX KPHUTEPIiB OI[IHIOBAHHS MOXJIMBUX IOXHOOK, A€ OEe3yMOBHHM
MPIOPUTETOM € HENOMYyIICHHS AWCKPUMiHAIIWHOTO Npo(idroBaHHS YYHIBCTBA Ta BCEOIYHHMI 3aXUCT TpaB yCix
YYaCHHKIB OCBITHBOTO mporecy. st cuctemu ocBiTH YKpaiHu NPUHIUTIOBUM € MOCTAHUN Nepexifl 10 MPUAHATTS
pimmenp Ha ocHOBI TexHomorii LII: Big 3abe3meueHHst cyMicHOCTI 6a30BHUX Kiacu(iKaTopiB 1 JOBITHHUKIB JEP:KaBHAX
iHpopMariitaux cuctem (3oxpema AIKOM, €JIEBO) Ta peamizarmii TUIOTHHX MPOEKTIB i3 HU3BKUM PIBHEM PH3HUKY
(aBTOoMaTu30BaHa 0OpOOKa MAacHBIB BiANOBiAeH, KOHTPOJIb JOCTOBIPHOCTI JaHWX 1 BUSBIECHHS MNOMHIIOK) IO
HOPMAaTHBHO PEryJIbOBAaHOTO IPOTHOCTHYHOTO MOJENIOBAHHA 3a OO0OB’S3KOBOTO MDKIMCHHUILUTIHAPHOTO ayAHTy,
rapaHTyBaHHS IIPO30POCTi BUCHOBKIB Ta 3a0e31eUeHHs MTpaBa Ha iX OCKapKeHHs i 000B’SI3KOBUIT TEPETIIS JIFOAUHOO.

KarouoBi ciaoBa: wmyunuti inmenexm, OC8IMHSA AHANIMUKA, SKICMb 302AAbHOI CepeOHbol 0csimu,
ynpaenincoki  piuenns, PISA, nayionanoHuil MyibmunpeOMemHuil mecm, NpoOSHO3Y8AHHs, OugepeHyitiosana
NOSICHIOBAHICMb ANCOPUMMIB, AN2OPUMMIYHA CRPABEOAUBICIb, OOKA308A OCBIMHS NOMIMUKA, 3AXUCT NePCOHAILHUX
OaHUX.
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