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This thesis scientifically developed an artificial
intelligence-based decision support architecture for higher
education quality control. The study integrated data,
analytical, explanation, decision, and feedback layers into
a unified governance cycle. International standards,
educational legislation, and recent scientific literature
were used to define the function of each layer. The findings
showed that explainability, human oversight, data quality,
and institutional readiness were essential for effective
quality management and responsible use of artificial
intelligence in higher education.
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Introduction
Quality control in higher education has moved from a periodic administrative

verification exercise towards a continuous, evidence-driven management function. The
Standards and Guidelines for Quality Assurance in the European Higher Education Area treat
internal quality assurance as a cyclical process in which study programmes are designed,
approved, monitored, periodically reviewed and improved on the basis of systematically
collected information [1]. A comparable logic is embedded in the international standard for
management systems of educational organisations, which organises institutional activity
around a plan-do-check-act sequence and requires that decisions affecting learners and other
beneficiaries rest on verifiable evidence [2]. Both frameworks share one theoretical premise:
educational quality is never observed directly, but reconstructed from indirect signals that an
institution must be able to collect, interpret and convert into action.

The theoretical difficulty arises from an asymmetry between the two halves of that
premise. Digital administration of the academic process - learning management platforms,
electronic assessment records, graduate and employer surveys, institutional information
systems - has multiplied the volume and frequency of available signals. Interpretation, by
contrast, has remained bound to committee cycles, retrospective reporting and expert
judgement exercised at long intervals. The outcome is a system rich in measurement and
comparatively poor in timely inference: a deviation frequently becomes visible only after the
academic period in which it could have been corrected has already closed.
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Decision support systems built on artificial intelligence constitute a conceptual response
to that asymmetry. Their function is not to displace institutional judgement but to compress
the interval between the appearance of a signal and its transformation into an interpretable
statement about quality. International guidance on artificial intelligence in education anchors
the distinction in a humanistic position: algorithmic output is admissible as an input to human
deliberation provided that data protection, transparency and human agency remain intact [3].
Read in this way, a decision support system is a mediating architecture between a
measurement layer and a governance layer, and its scientific value depends on how faithfully
that mediation has been designed.

The higher education system of Uzbekistan offers a favourable institutional setting for
such architectures. The Concept for the Development of the Higher Education System of the
Republic of Uzbekistan until 2030 defines the introduction of digital technologies into the
educational process and the improvement of specialist training quality as connected priorities
[4]. Educational legislation establishes state requirements for the quality of education
together with the supervisory arrangements that accompany them [5]. The scale of the system
reinforces the practical relevance of analytical instrumentation: according to official statistics,
admission to higher education organisations of the republic in the 2024/2025 academic year
amounted to 381.7 thousand persons [6]. Governing quality signals for a student body of that
magnitude through exclusively manual review procedures constrains both the depth and the
frequency of institutional analysis, which makes the architectural question a substantive one
rather than a technical detail.

The purpose of the article is to substantiate a layered architecture for artificial
intelligence-based decision support in the quality control of education, and to establish the
correspondence between each layer and the normative and methodological sources that
legitimise it. The contribution is conceptual: instead of advocating a particular algorithm, the
article specifies the structural conditions under which an algorithmic result becomes
admissible evidence inside an institutional quality assurance system.

LITERATURE REVIEW
Research on learning analytics forms the empirical foundation on which decision

support for educational quality has been constructed. A systematic review of adoption in
higher education institutions established that the factors governing institutional uptake are
distributed across several dimensions simultaneously - stakeholder configurations,
institutional and pedagogical processes, technical limitations and ethical considerations - and
that a large share of developments remains at pilot stage without reaching institution-wide
adoption [7]. Complementary evidence on study success indicated that broader deployment
presupposes standardised measures, visualisations and interventions capable of integration
into any digital learning environment [8]. A review of learning outcome evaluation through
analytics systems drew attention to the limited standardisation of outcome measures, which
complicates comparison between programmes and between institutions [9]. Synthesis of
interventions embedded in learning management systems confirmed that analytical capacity
improves practice only where an analytical result has been connected to a defined
pedagogical action [10].
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A second stream examines decision support at the level of institutional management. An
empirical investigation of an artificial intelligence-enabled decision support system in the
information and communication technology department of a South African university
reported considerable improvement potential in operational decision-making while
underlining the ethical and societal implications of integration [11]. A policy-to-practice
analysis of the national quality assurance framework of Qatar demonstrated how artificial
intelligence tools can be embedded into accreditation and institutional accountability
arrangements, and proposed a structured model covering readiness assessment, policy
development and responsible integration [12]. Both contributions locate the value of such
systems in governance quality rather than in predictive accuracy taken in isolation.

A third stream concerns the admissibility of algorithmic output. A framework for
explainable artificial intelligence in education identified six design aspects - stakeholders,
benefits, modes of presenting explanations, model classes, human-centred interface design
and the pitfalls of explanation - as conditions for trustworthy educational applications [13]. A
five-dimensional trust framework covering privacy, safety, fairness, explainability and
accountability was applied to representative educational systems and disclosed recurring
governance vulnerabilities, among them insufficient oversight and an unclear allocation of
responsibility [14]. A systematic review of ethical concerns seen from the perspective of users
established that guidelines for trustworthy artificial intelligence operate as the principal
reference point in educational applications [15]. A further review of explainability definitions
in education showed that terminological heterogeneity by itself impedes the formulation of
clear institutional requirements [16].

A fourth stream addresses institutionalisation. A systematic review of human-centred
learning analytics and artificial intelligence in education positioned stakeholder participation
in design as a determinant of sustained use [17]. Empirical work on the critical determinants
of learning analytics adoption identified organisational readiness, data quality and perceived
usefulness among the decisive conditions [18]. A cross-national comparative study of
university policies on the governance of generative artificial intelligence showed that
institutional rules, rather than technical capability, delimit the space within which algorithmic
tools may legitimately be used [19].

Considered together, these strands describe a mature analytical literature alongside a
comparatively underdeveloped architectural one. Studies of predictive quality, of explanation
techniques and of adoption barriers exist in abundance; explicit specifications of how an
analytical result travels from a data source to a formally recorded quality decision, and of
which normative instrument authorises each transition, remain scarce. The architecture
proposed below is addressed to that specific gap.

METHODOLOGY
The work follows a conceptual-analytical design. Three categories of material were used.

Normative instruments supplied the requirements that any quality control mechanism has to
satisfy: the European standards and guidelines for internal quality assurance [1], the
international standard for management systems of educational organisations [2],
international guidance on artificial intelligence in education [3], the national strategic
framework for higher education development [4] and the requirements of educational
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legislation [5]. Peer-reviewed and open-access scholarship provided the state of knowledge
on analytical instruments and their institutional reception. Official statistics on the higher
education system supplied the contextual parameters within which the architecture is
intended to operate [6].

Construction of the architecture followed methodological principles established for
composite measurement. The handbook on constructing composite indicators formulates a
sequence - theoretical framework, variable selection, treatment of missing data, normalisation,
weighting and aggregation, robustness testing, interpretation - that fixes the order in which
methodological choices have to be justified and documented [20]. The multidimensional
assessment approach adopted by U-Multirank contributed a second principle: performance
across distinct dimensions is displayed separately rather than compressed into a single
weighted score, because weighting schemes have proven insufficiently robust to support such
compression [21]. A comparative reconstruction of the computational pipelines of major
international ranking systems confirmed that normalisation and aggregation decisions
encode normative assumptions and produce divergent results across systems [22].

Four criteria were applied to every element of the proposed architecture. Normative
traceability requires that the function performed by a layer be attributable to an identifiable
requirement in a quality assurance instrument. Analytical validity requires that the
transformation carried out within a layer preserve the measurement properties of its input.
Interpretability requires that the output of a layer be expressible in terms intelligible to the
academic staff and administrators who will act upon it. Decision usability requires that the
output be connectable to a specific institutional action with a defined owner and a defined
time horizon. A layer satisfying fewer than all four criteria was treated as incompletely
specified and returned for redesign.

The design carries a deliberate limitation. Empirical estimation of predictive
performance falls outside its scope, since such estimation is institution-specific and depends
on the data actually available within a particular information environment. The article
accordingly establishes the structural conditions for valid application rather than the
numerical performance of any single implementation.

ANALYSIS AND RESULTS
Application of the four criteria produced an architecture of five layers connected by a

single directed flow and closed by a return path. Figure 1 presents the resulting structure.
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Data layer: consolidation of academic, assessment and survey records

Analytical layer: risk classification, deviation detection, outcome modelling

Explanation layer: explanation generation, bias screening, uncertainty statement

Decision layer: collegial deliberation and formal recording of the decision

Feedback layer: intervention, re-measurement and revision of assumptions

Figure 1. Layered architecture of an artificial intelligence-based decision support
system for the quality control of education1

The data layer performs consolidation. Records generated by different subsystems -
enrolment and progression files, assessment results, attendance and engagement traces,
satisfaction surveys, employer feedback - are brought to a common identification scheme, a
common temporal granularity and a documented level of completeness. Normative
traceability is direct: the European standards require institutions to collect, analyse and use
information for the effective management of programmes [1], and the international
management standard places documented information among the mandatory elements of the
system [2]. The layer is complete only when the provenance of every field can be
reconstructed, since an analytical result inherits the defects of its inputs and organisational
data quality has been identified as one of the decisive conditions of adoption [18].

The analytical layer converts consolidated records into structured statements. Its typical
operations are the classification of academic risk, the detection of deviation from expected
trajectories, the identification of programme components with atypical outcome distributions
and the estimation of relationships between teaching conditions and learning results.
Analytical validity is the governing criterion here: transformations must preserve the
measurement properties of the inputs, and outcome measures whose comparability is limited
require explicit qualification [9]. The layer acquires practical meaning only when each
analytical output has been mapped in advance to a category of institutional response, since
analytical capacity detached from a defined action does not modify practice [10].

The explanation layer is the element most frequently omitted in institutional practice
and the one on which the admissibility of the whole architecture depends. Three operations

1 Source: compiled by the author on the basis of [1], [2], [3], [13] and [20].
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belong to it: generation of an explanation that identifies the factors driving a particular output,
screening for systematic bias across student groups, and explicit statement of uncertainty.
The design aspects formulated for explainable artificial intelligence in education define the
content of this layer [13], while the five-dimensional trust framework supplies its verification
agenda across privacy, safety, fairness, explainability and accountability [14]. The
terminological heterogeneity documented in the literature makes it necessary for an
institution to fix its own operational definition of an acceptable explanation and to record that
definition in its quality regulations [16]. Ethical requirements recognised by users of
educational systems are satisfied at this layer rather than at the analytical one [15].

The decision layer restores authority to the collegial bodies that hold it. An explained
and qualified analytical statement enters the agenda of a department council, a faculty quality
commission or a rectorate committee, where it is weighed against contextual knowledge
unavailable to any model. Human agency is preserved by design, in accordance with
international guidance on artificial intelligence in education [3]. The boundaries of
permissible use are set by institutional policy rather than by technical possibility [19], and the
readiness-policy-integration sequence proposed for national quality assurance frameworks
offers a workable template for establishing those boundaries [12]. Governance value, rather
than model accuracy alone, is what distinguishes a functioning system from an experimental
one [11].

The feedback layer closes the cycle. A decision taken at the previous layer generates an
intervention, the intervention generates new records, and the new records re-enter the data
layer, where the effect of the intervention becomes measurable. The plan-do-check-act logic of
the management standard is realised precisely at this point [2], and the requirement for
ongoing monitoring and periodic review of programmes acquires an operational form [1].
Without the return path, the architecture degenerates into a reporting instrument; with it, the
architecture becomes a learning system in the organisational sense.

Table 1 summarises the correspondence between the layers, their core functions and the
normative or methodological sources that authorise them.

Table 1
Functional layers of an artificial intelligence-based decision support system for

education quality control and their normative anchors2

Layer Core function
Governing
criterion

Normative or methodological
anchor

Data layer

Consolidation of
academic, assessment
and survey records into
a documented common

scheme

Normative
traceability

Information management in
internal quality assurance [1];

documented information [2]; data
quality as an adoption condition

[18]

Analytical
layer

Risk classification,
deviation detection,
estimation of relations
between conditions and

Analytical
validity

Limits of outcome-measure
standardisation [9]; action-linked
analytics [10]; methodological

sequence for composite

2 Source: compiled by the author on the basis of the cited normative documents and open-access scholarly sources.
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Layer Core function
Governing
criterion

Normative or methodological
anchor

outcomes measurement [20]

Explanation
layer

Explanation generation,
bias screening, explicit

statement of
uncertainty

Interpretability

Design aspects of explainable
artificial intelligence in education
[13]; trust dimensions [14]; ethical

requirements of users [15]

Decision
layer

Collegial deliberation,
recording of the
decision and of its

justification

Decision
usability

Preservation of human agency [3];
institutional policy boundaries

[19]; readiness-policy-integration
model [12]

Feedback
layer

Intervention, re-
measurement and
revision of the

analytical assumptions

Normative
traceability
and decision
usability

Plan-do-check-act cycle [2];
ongoing monitoring and periodic

review [1]

Two conditions govern whether the architecture operates as designed. The first is
organisational readiness. Adoption research consistently identifies readiness, data quality and
perceived usefulness as the conditions that separate durable implementations from pilot
projects [18], and participation of academic staff in the design of analytical interfaces has
been shown to sustain use over time [17]. Institutions that introduce the analytical layer
before the data layer has been stabilised accumulate outputs that no committee is willing to
act upon. The second condition is the functional separation of the explanation layer from the
analytical layer. Where explanation is produced by the same component that produced the
prediction, and by the same team, the verification function is weakened; assigning explanation
and bias screening to a distinct methodological unit preserves the independence that the trust
dimensions presuppose [14].

A third design decision concerns aggregation. The architecture deliberately refrains
from reducing institutional quality to a single composite value. The multidimensional
principle requires that results be reported dimension by dimension, since composite scores
respond sharply to small changes in weights [21], and comparative work on ranking pipelines
has shown that normalisation and aggregation choices carry normative content of their own
[22]. Where aggregation is nevertheless required for reporting purposes, the weighting rule is
declared in advance, documented, and accompanied by a sensitivity check, in line with the
sequence prescribed for composite indicators [20].

The Uzbek institutional context supports each of these conditions. The strategic priority
given to the introduction of digital technologies into the educational process creates a
legitimate basis for investment in the data and analytical layers [4], while the state
requirements for educational quality provide the external reference against which internal
decisions are calibrated [5]. The scale of enrolment recorded in official statistics [6] makes the
marginal value of automation in the data and analytical layers substantial, and the existence of
a national strategic horizon to 2030 allows institutions to sequence the layers over successive
planning cycles rather than attempting simultaneous deployment. The architecture is
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therefore compatible both with the international quality assurance framework [1] and with
the domestic governance environment in which Uzbek institutions operate.

CONCLUSIONS AND SUGGESTIONS
The analysis supports several conclusions. First, the contribution of artificial intelligence

to the quality control of education is architectural rather than algorithmic: value emerges
from the ordered transition of a signal through consolidation, analysis, explanation, decision
and re-measurement, and not from the accuracy of an isolated model. Second, every layer of
that transition can be anchored to an existing normative requirement, which means that such
systems extend established quality assurance practice instead of competing with it [1], [2].
Third, the explanation layer performs the decisive function, since it converts a statistical
output into evidence that a collegial body is entitled to act upon [13], [14]. Fourth, the
boundaries of legitimate use are established by institutional policy, and the drafting of that
policy precedes technical deployment [19]. Fifth, restraint in aggregation preserves the
informational content of a multidimensional quality picture [21].
Several practical suggestions follow for higher education institutions of Uzbekistan. It is
advisable to begin with a documented audit of the data layer, establishing the provenance,
completeness and temporal granularity of every field before any analytical component is
commissioned. It is expedient to adopt an internal regulation defining what constitutes an
acceptable explanation of an analytical output, which academic body receives it, and within
what period a response is required. It is reasonable to assign explanation and bias screening
to a methodological unit organisationally distinct from the developers of the analytical
component. It is useful to report quality results dimension by dimension, reserving
aggregation for cases where a documented and tested weighting rule exists. It is productive to
include academic staff in the design of analytical interfaces from the outset, since sustained
use depends on the perceived usefulness of the instrument to those who operate it [17], [18].
Implementation of these measures allows an institution to convert its accumulated digital
records into a consistent and transparent instrument of quality governance, in full accordance
with the strategic direction of the national higher education system [4].
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