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ARTICLEINFO ABSTRACT

The accelerated diffusion of generative artificial intelligence in higher education has outpaced the
institutional rules that define where machine assistance should end and academic judgement should
begin, leaving universities without clear boundaries for substituting for teaching labour and placing the
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quality education and decent work agendas at risk. This study examines how Kazakhstan's educational
potential relates to labour productivity and develops a strategic model that allocates functions between
the instructor and artificial intelligence. The study employs annual time-series data from the Bureau of
National Statistics of the Republic of Kazakhstan for 2018-2025, covering eleven labour market and
human capital indicators. It applies Pearson correlation analysis to indicator levels, first differences,
and growth rates, and is complemented by functional-systemic classification and expert-analytical
generalisation. The results reveal that gross value added per employee correlates strongly with wage
employees (r = 0.995, p < 0.001), with employees holding higher and postgraduate qualifications (r =
0.913, p = 0.002), and with technical and vocational graduates (r = 0.931, p = 0.001), and inversely
with total (r = -0.857, p = 0.007) and youth unemployment (r = -0.886, p = 0.003). In first differences,
the education-productivity association falls to r = 0.297 (p = 0.518) and to r = 0.074 (p = 0.876) in
growth rates, while wage employment retains r = 0.797 (p = 0.032). The findings suggest that level
associations reflect a shared trend rather than an annual return in graduate numbers, and that
productivity responds to the composition of competencies rather than to the volume of educational
output.
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INTRODUCTION
Generative artificial intelligence has entered university teaching faster than any educational technology that preceded it, and
the speed of that entry is itself the source of the managerial difficulty. A systematic review of applications in education
identifies generative tools as the dominant technology in current practice, with ChatGPT alone accounting for roughly 30
per cent of the reviewed applications, followed by GPT-4, machine learning systems, and augmented and virtual reality, and
with the highest research intensity recorded in Canada, the United States, and China (Matos et al., 2025). Curriculum design
in higher education institutions worldwide is being reworked around these tools rather than merely supplemented by them
(Abbasi et al., 2025), and the arrival of general-purpose modelling technology has unsettled established assumptions about
how knowledge is created, transmitted, and assessed (Dong, 2024). Integration with the Internet of Things and immersive
environments is producing intelligent educational ecosystems that combine digital platforms, analytical instruments, and
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adaptive resources within a single architecture (Papadakis, 2024), while empirical evidence from student populations shows
uneven awareness of these tools and heavy reliance on informal online sources for learning about them (Pande et al., 2024).

The same technology is simultaneously reshaping the labour market for which universities train specialists.
Employers and employees confront a redefinition of professional roles, a redistribution of responsibilities, and new
foundations for the sustainability of business systems (Nyberg et al., 2025; Huang & Rust, 2024). Machine learning analysis
of occupational structures shows measurable differences across sectors in exposure to automation and in the resulting skill
requirements, with direct consequences for how education systems and workforce development should be planned (Shannaq
et al., 2025). Indices of job substitution possibility have been constructed to quantify these shifts (Koo et al., 2024), and
socioeconomic assessments of the intelligent information society point in the same direction. Generative systems are altering
the operating models of entire service industries (Dubey et al., 2025; Grewal et al., 2025), and their broader social
consequences extend well beyond productivity accounting (Xie & Avila, 2025). Where digitalization was once a supporting
process, it now determines competitiveness.

For Kazakhstan, these pressures coincide with an unfinished national programme of educational digitalization.
Studies of the role of digital technologies in Kazakhstani universities record substantial investment accompanied by uneven
institutional readiness (Nurtayeva et al., 2024; Gulmira et al., 2024), persistent implementation obstacles (Dzhanegizova,
2024), and a marketing-driven rather than pedagogy-driven approach to digital service promotion (Zarubina et al., 2024).
Strategic assessments of digital transformation and labour market development across the Eurasian Economic Union place
Kazakhstan in an intermediate position, with scientific literacy and workforce adaptation lagging behind infrastructure
deployment (Ospanova et al., 2025). At the same time, cross-country evidence confirms that educational development
remains a principal determinant of competitiveness in the knowledge economy (Mazur et al., 2025). The country therefore
faces a specific version of a general problem: how to convert a growing stock of formally qualified graduates into measurable
productivity gains under conditions of rapid technological substitution.

The scientific problem addressed here is not whether the teaching profession will disappear. It is the absence of a
strategically justified boundary between the operations that artificial intelligence may legitimately perform, those it may
support, and those that must remain under human authority. Without such a boundary, institutions oscillate between
defensive prohibition and uncontrolled adoption. Both extremes carry costs: the first forfeits the efficiency gains that
automation of routine work makes available, while the second transfers pedagogical and ethical accountability to systems
that cannot bear it. Audits of generative tools reveal a hidden curriculum embedded in their default behaviour that reproduces
particular epistemic assumptions (Warr & Heath, 2025); academic integrity is simultaneously threatened and potentially
strengthened depending on how implementation is governed (Artyukhov et al., 2024); and language-teaching scholarship
has documented the coexistence of genuine gains and serious hazards within the same toolset (Hockly, 2023).

This study aims to substantiate a differentiated allocation of teaching functions between the instructor and artificial
intelligence that preserves pedagogical oversight, academic accountability, and educational quality, and to ground this
allocation empirically in the observed relationship between Kazakhstan's educational potential and labour productivity.
Achieving this aim requires solving three intermediate tasks: establishing the statistical association between the educational
structure of the employed population and gross value added per employee at the level of indicators; testing whether that
association survives when the common time trend is removed through first differences and growth rates; and translating the
resulting evidence into a functional classification of teaching operations with an accompanying monitoring framework.
Methodologically, the study combines Pearson correlation analysis of official national statistics for 2018-2025 with
functional-systemic classification and expert-analytical generalization.

The article proceeds as follows. The literature review examines governance and quality policy in higher education;
absorptive capacity and skills; knowledge management in universities; evidence on artificial intelligence in teaching; the
transformation of the academic role; and Kazakhstani digital competence research, and concludes with unresolved issues,
the purpose of the study, and the research hypotheses. The materials and methods section specifies the data, variables, and
analytical procedures. The results section reports the descriptive statistics, the correlation matrix, the dynamic analysis, the
outcome of hypothesis testing, the proposed allocation model, and the monitoring indicators to 2030. The discussion
interprets these findings in light of prior research, and the conclusions summarise the contribution, implications, limitations,
and directions for further work.

LITERATURE REVIEW
Research on the strategic management of educational institutions under technological change draws on three partly
independent literatures: the governance and quality assessment of higher education, the formation of absorptive capacity
through skills, and the pedagogical evidence on artificial intelligence itself. Their convergence defines the theoretical basis
for the present study.

European scholarship on higher education policy has focused on instruments to improve academic performance
and institutional effectiveness. Work on the transition from scientific to research excellence traces how evaluation criteria
migrated from disciplinary peer judgement toward measurable output (Sorensen et al., 2016), while case analysis of the
German Excellence Initiative demonstrates that concentration of resources produces stratification as well as quality gains
(Menter et al., 2018). Proposals for reforming university evaluation in the era of large-scale data emphasize that ranking
systems capture only a narrow slice of institutional contribution (Daraio et al., 2019), and evidence on performance-based
funding of university spinoffs in Italy shows that policy incentives shape entrepreneurial output but do so unevenly across
regions (Meoli et al., 2018). The provision of finance to science-based entrepreneurship follows a comparable logic, in
which universities occupy a central position in the creation, transfer, and practical use of knowledge (Civera et al., 2017).
The common implication is that institutional effectiveness cannot be inferred from resource inputs alone.
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The literature on absorptive capacity establishes why the qualification structure of the workforce matters
economically. The ability of an organisation to recognise the value of new knowledge, assimilate it, and apply it in practice
depends on the composition of its existing skills. Analysis of vocational training centres shows that these institutions
contribute to innovation in ways that conventional research and development metrics fail to capture (Porto Gomez et al.,
2018). Comparative evidence from the United States and Western Europe identifies which specific skills contribute most to
absorptive capacity, innovation, and productivity, and finds that intermediate technical competencies are disproportionately
important (Mason et al., 2020). Firm participation in apprenticeship training has been shown to foster knowledge diffusion
and subsequent innovation (Rupietta & Backes-Gellner, 2019). Taken together, these findings indicate that the economic
return to education depends on the alignment between the competencies produced and the tasks actually performed, rather
than on the volume of credentials issued.

Within universities, the mechanism through which this alignment is achieved is knowledge management. A
reactive perspective alone is insufficient; institutions must incorporate the creation, dissemination, and application of
knowledge into strategy (Nawaz, 2015). Knowledge management is best understood as an organised process through which
individuals, professional groups, and organisations jointly create, preserve, and apply information to achieve educational
and strategic goals (Sarjono & Firdaus, 2020). Readiness for such systems varies substantially across institutional contexts
(Prahiawan et al., 2021). Evidence from a South African university documents internal barriers that obstruct implementation
even where formal commitment exists (Masete & Mafini, 2018). Knowledge in educational organizations accumulates from
prior information, professional experience, and research results, which together create the preconditions for new concepts
(Ahmad et al., 2020), and improvements in workforce skills and knowledge feed directly into sectoral competitiveness
(Kimeto, 2021). Self-assessment of competences by graduates further shapes their perceived and actual transition into
employment (Pirog et al., 2021).

The pedagogical evidence on artificial intelligence has expanded rapidly and is now sufficiently large to support
systematic synthesis. Reviews of applications in Latin American higher education identify administrative automation,
predictive analytics, and adaptive tutoring as the dominant categories of use (Salas-Pilco & Yang, 2022). Early conceptual
treatments questioned whether the technology represented genuine innovation or the repackaging of established practice
(Pence, 2019), and applications in professional domains such as surgical and healthcare education have required deliberate
interdisciplinary design (Bilgic et al., 2021; Randhawa & Jackson, 2020). Systems capable of generating varied and
internally consistent training material were demonstrated well before the generative turn (Henriet, 2017). More recent work
emphasizes the conditions under which willingness to communicate is preserved in online and hybrid environments, an
issue that becomes acute when algorithmic mediation displaces direct interaction (Hoang, 2024). Studies of critical thinking
in school populations show that its development depends on instructional design rather than on technological availability
(Babu et al., 2025), and evidence on private tutoring indicates that supplementary provision can compensate for, but also
entrench, differences in institutional quality (Al Hunaini et al., 2025).

A distinct strand addresses the transformation of the academic role. Teachers are simultaneously bearers of
professional knowledge, organizers of the educational process, and participants in the creation of new knowledge.
Contemporary algorithms generate texts and teaching materials, develop individual course elements, check assignments,
and deliver personalized feedback, prompting debate about the displacement of specific teaching functions. Technological
automation does not entail replacement, however, because critical interpretation, ethical responsibility, pedagogical
interaction, and the formation of student character retain a predominantly human character. Systematic reviews of teacher
digital competence confirm that professional development is the binding constraint on effective integration (Joya et al.,
2025; Lopez-Nunez et al., 2024), and micro-course formats have been proposed as a scalable response (Trujillo-Juarez et
al., 2025). Modelling work on the development of pedagogical competence under digitization identifies faculty capability
as the principal mediating variable between technological investment and learning outcomes (Kapasheva et al., 2024).
Occupational research warns that misalignment between institutional demands and individual capacity produces burnout
and disengagement in vocational education settings (Zhou et al., 2025).

Kazakhstani scholarship provides the immediate empirical context. Experimental evidence shows that targeted
digital interventions produce significant gains in the digital competence of future teachers across all measured domains,
with the largest effects among students starting from lower baselines (Kazbekovna et al., 2025). Digital educational
interventions have likewise been shown to enhance the professional abilities of university students (Kurakbayeva &
Xembayeva, 2025), and pedagogical approaches to competence formation differ measurably in effectiveness (Medeshova
et al., 2025). Studies of digital literacy among teachers document the practical difficulty of integrating computer science
and design education without sustained institutional support (Temirkhanova et al., 2024), while dual education models offer
one route to embedding digital technologies in teacher preparation (Seitaliyeva et al., 2025). International cooperation in
professional training has been advanced as a mechanism to accelerate institutional learning (Jakubakynov et al., 2026), and
disciplinary applications, such as integrating digital competencies into legal education, illustrate the breadth of the curricular
revisions required (Ergasheva et al., 2025).

Three unresolved issues emerge from this body of work. First, the literature documents the effects of artificial
intelligence on individual teaching tasks in considerable detail but rarely specifies, at the level of institutional strategy,
which functions should be transferred, which shared, and which retained; the boundary is asserted rather than derived.
Second, the empirical link between educational expansion and economic return is generally examined at the level, where a
shared upward trend inflates the apparent association, and studies that remove the trend are scarce. Hence, it remains unclear
whether the relationship reflects a genuine annual return or a statistical artefact. Third, monitoring frameworks for artificial
intelligence in higher education continue to privilege resource indicators such as equipment counts and platform licences
over pedagogical, ethical, and labour market outcomes, leaving institutions without instruments to detect whether
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implementation is improving quality or merely increasing throughput. These gaps justify continued research and define the
direction adopted here.

The purpose of this study is to determine the statistical relationship between the educational potential of the
employed population of Kazakhstan and labour productivity over 2018-2025, and to derive from it a strategic model for the
differentiated allocation of teaching functions between the instructor and artificial intelligence, together with a system of
indicators for monitoring its implementation through 2030. Accordingly, the following hypotheses are advanced:

Hai: The number of employed persons holding higher and postgraduate qualifications is positively and significantly
associated with labour productivity, measured as gross value added per employee, at the level of indicators.

Ha: The association between educational potential and labour productivity weakens substantially and loses statistical
significance when the common time trend is removed through first differences and growth rates.

Hs: Labour productivity is inversely and significantly associated with total and youth unemployment at the level of
indicators.

Ha: The expansion of wage employment is more strongly associated with the dynamics of labour productivity than the
expansion of self-employment.

Hs: The effectiveness of artificial intelligence implementation in the educational process is higher under a differentiated
allocation of functions, in which artificial intelligence substitutes standardized operations and complements analytical
and project-based functions, while the instructor retains pedagogical, evaluative, and ethical responsibility.

MATERIALS AND METHODS
Research Design: The study follows a non-experimental, quantitative-descriptive design combined with a functional-
systemic classification procedure. No participants were assigned to conditions, and no experimental manipulation or
intervention was administered; the labour market and educational indicators were observed naturalistically as published
national aggregates. The design is therefore observational at the country level, with the year as the unit of analysis. Selection
of the scientific publications underpinning the theoretical basis followed PRISMA guidelines to ensure transparency and
reproducibility of the search, inclusion, and exclusion procedures.

Data Sources and Study Period: The empirical basis is official statistics of the Bureau of National Statistics of the Agency
for Strategic Planning and Reforms of the Republic of Kazakhstan (2025) for the period 2018-2025, giving eight annual
observations for level analysis and seven for dynamic analysis. The period was selected because it is the longest interval
over which all eleven indicators are published on a consistent methodological basis following the revision of national labour
force accounting. No sampling of units was performed, since the data are population-level administrative aggregates rather
than survey responses; consequently, there is no response rate, no attrition, and no self-selection into the sample. Because
the data are aggregated, anonymous, and publicly available, the study involves no human participants and required no
institutional review board approval or informed consent procedures.

Variables and Operational Definitions: Eleven indicators were used. The labour force is the sum of the employed and
unemployed population aged 15 years and older, in thousands. The employed population is the total number of persons in
employment, in thousands. Wage employees are persons working under an employment contract, in thousands, and their
share is expressed as a percentage of the employed population. Self-employed persons are those generating income through
independent activity, in thousands, with the corresponding share in per cent. Educational potential is captured by two
variables: the number of employed persons with higher and postgraduate education, and the number with technical and
vocational education, both in thousands. The unemployment rate is the share of unemployed persons in the labour force,
and youth unemployment is the corresponding rate for the population aged 15-28 years. Labour productivity is
operationalized as gross value added per employee, in thousands of tenge at current prices. Gross value added per employee
serves as the dependent construct throughout, as it is the only published indicator that measures economic return per unit of
labour input and is therefore the appropriate outcome against which educational potential is assessed.

Analytical Procedures: Three transformations of each series were analyzed. Levels were used directly. Absolute annual
increments were computed as
AX, =X, — X @)
and growth rates as
& =X/ Xt 2)

Where X, is the value of the indicator in year t. The Pearson product-moment correlation coefficient measures pairwise
linear association,

r=20— %) — 7 /N[Ex — 37 20— 77 ®3)

Where x; and y; denote the paired observations of two indicators and X and ¥ their arithmetic means. The statistical
significance of each coefficient was assessed using the t-statistic

t=rIm—2) /N1 -1 4
Evaluated against the t-distribution with n - 2 degrees of freedom. For the level analysis, n = 8, giving six degrees of freedom

and critical values of r = 0.707 at the five per cent level and r = 0.834 at the one per cent level. For the dynamic analysis, n
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=7, giving five degrees of freedom and critical values of r = 0.754 and r = 0.875 respectively. Reporting the association in
all three forms is deliberate: level correlations between two series can be inflated by a shared trend, whereas first differences
and growth rates remove it, thereby providing a more conservative test of whether year-to-year movements are genuinely
related. All computations were performed in Python using the NumPy and SciPy libraries.

Model Development Procedure: Functional and systemic approaches were applied to construct the allocation model.
Teaching operations were first inventoried and then classified according to three criteria: the degree of standardization of
the operation, its pedagogical complexity, and the necessity of human oversight of its outcome. Operations scoring high on
standardisation and low on both pedagogical complexity and oversight requirement were assigned to substitution; operations
of intermediate standardisation requiring analytical judgement were assigned to complementarity; and operations
demanding evaluative discretion, ethical responsibility, or accountability for a student trajectory were assigned to retention.
The expert-analytical generalization method was then used to derive monitoring indicators and indicative target values for
2030, drawing on the classification results and the empirical relationships identified in the correlation analysis.

Strengths and Limitations of the Method: The principal strength of the approach is the use of complete, officially
validated population data rather than sample estimates, which eliminates sampling error and permits exact computation of
the association structure. Reporting levels, increments, and growth rates in parallel is a further strength, since divergence
between the three forms is itself informative and guards against the overstatement that single-form reporting invites. The
principal weakness is the short series: eight annual observations provide low statistical power, so coefficients are interpreted
as statistical associations rather than as evidence of causality, and moderate correlations may fail to reach conventional
significance thresholds even where a relationship exists. A second weakness is that national aggregates conceal substantial
regional and institutional heterogeneity in Kazakhstan. A third is the absence of a direct measure of the intensity of artificial
intelligence use in universities, so the allocation model is grounded in macroeconomic conditions for implementation rather
than in observed implementation itself. Conclusions are accordingly confined to what data of this structure can support.

RESULTS
At the macro level, the conditions for strategic management of the educational process in the context of the implementation
of artificial intelligence are set by employment dynamics, the professional and qualification structure of the labour market,
access to higher and vocational education, and the economic return per unit of labour. These parameters reflect the capacity
of the national education system to adapt programmes to technological change and to supply the economy with qualified
personnel. Table 1 presents the underlying series for 2018-2025.

Table 1. Labour market and educational potential indicators of the Republic of Kazakhstan, 2018-2025

Year Labour force, Employed Wage Self-employed, Share of wage Employed with higher and
thousand population, employees, thousand employees, % postgraduate education,
persons thousand thousand persons thousand persons

persons persons

2018 9,138.6 8,695.0 6,612.5 2,082.5 76.0 3,360.2
2019 9,221.5 8,780.8 6,681.6 2,099.2 76.1 3,308.1
2020 9,180.8 8,732.0 6,686.6 2,045.4 76.6 3,709.2
2021 9,256.7 8,807.1 6,710.2 2,096.9 76.2 3,565.4
2022 9,429.8 8,971.5 6,847.3 2,124.2 76.3 4,017.4
2023 9,534.1 9,081.9 6,893.4 2,188.5 75.9 3,982.7
2024 9,664.0 9,214.2 7,015.1 2,199.1 76.1 3,927.3
2025 9,769.5 9,320.6 7,169.1 2,151.5 76.9 4,367.3
Year Share of self- Unemployment Youth Gross value Employed with technical and vocational

employed, % rate, % unemployment added per education, thousand persons

rate, % employee,
thousand tenge

2018 24.0 4.9 3.8 6,173.2 3,466.4
2019 23.9 4.8 3.7 6,869.8 3,701.9
2020 23.4 4.9 3.8 7,111.9 3,431.0
2021 23.8 4.9 3.8 8,423.4 3,786.9
2022 23.7 4.9 3.8 10,083.2 3,999.4
2023 24.1 4.7 3.5 11,354.2 4,157.8
2024 23.9 4.7 3.1 12,886.0 4,561.3
2025 23.1 4.6 3.1 15,905.0 4,440.0

Note. Compiled from the Bureau of National Statistics of the Agency for Strategic Planning and Reforms of the Republic of Kazakhstan
(https://stat.gov.kz/). The share of wage employees and the share of self-employed are expressed as percentages of the employed population; the
unemployment rate is expressed as a percentage of the labour force; youth unemployment refers to the population aged 15-28 years; gross value added per
employee is measured at current prices.

Over the eight years, the labour force expanded by 6.9 per cent, from 9,138.6 to 9,769.5 thousand persons, and the
employed population by 7.2 per cent, reaching 9,320.6 thousand in 2025. Wage employment grew faster, by 8.4 per cent to
7,169.1 thousand, lifting its share from 76.0 to 76.9 per cent, while self-employment rose more slowly and its share
contracted from 24.0 to 23.1 per cent. Total unemployment declined from 4.9 to 4.6 per cent and youth unemployment from
3.810 3.1 per cent. Educational potential increased on both tracks: employed persons with higher and postgraduate education
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rose from 3,360.2 to 4,367.3 thousand, and those with technical and vocational education from 3,466.4 to 4,440.0 thousand.
The share of the employed population holding higher or postgraduate qualifications consequently rose from 38.6 to 46.9 per
cent.

Gross value added per employee grew from 6,173.2 to 15,905.0 thousand tenge, an increase of 157.6 per cent at
current prices, equivalent to a compound annual rate of 14.5 per cent. The corresponding compound annual growth of higher-
educated employment was 3.8 per cent. The divergence between these two rates is the first indication that productivity
growth over the period was not driven primarily by the expansion of graduate numbers. Table 2 reports the full correlation
matrix of the eleven indicators in level form.

Table 2. Pearson correlation matrix of labour market and educational potential indicators of the Republic of Kazakhstan in
level form, 2018-2025 (n = 8)

Indicator 1 2 3 4 5 6
1. Labour force 1.000 1.000 0.989 0.850 0.321 0.884
2. Employed population 1.000 1.000 0.989 0.850 0.321 0.877
3. Wage employees 0.989 0.989 1.000 0.763 0.455 0.908
4. Self-employed 0.850 0.850 0.763 1.000 —0.225 0.601
5. Share of wage 0.321 0.321 0.455 -0.225 1.000 0.548
employees
6. Employed with higher 0.884 0.877 0.908 0.601 0.548 1.000
education
7. Share of self- —-0.321 —-0.321 —0.455 0.225 —1.000 —0.548
employed
8. Unemployment rate —0.872 —0.881 —0.866 —0.768 —0.251 —0.659
9. Youth unemployment —0.906 -0.913 —-0.903 —0.776 —0.286 —-0.673
rate
10. GVA per employee 0.987 0.987 0.995 0.772 0.436 0.913
11. Employed with 0.968 0.968 0.932 0.916 0.144 0.770
vocational education

Indicator 7 8 9 10 11
1. Labour force —0.321 —0.872 —0.906 0.987 0.968
2. Employed population —0.321 —0.881 —0.913 0.987 0.968
3. Wage employees —0.455 —0.866 —-0.903 0.995 0.932
4. Self-employed 0.225 —0.768 —0.776 0.772 0.916
5. Share of wage —1.000 —-0.251 —0.286 0.436 0.144
employees
6. Employed with higher —0.548 —-0.659 —-0.673 0.913 0.770
education
7. Share of self- 1.000 0.251 0.286 —0.436 —0.144
employed
8. Unemployment rate 0.251 1.000 0.924 —0.857 —0.824
9. Youth unemployment 0.286 0.924 1.000 —-0.886 —0.894
rate
10. GVA per employee —0.436 —0.857 —0.886 1.000 0.931
11. Employed with —0.144 —-0.824 —0.894 0.931 1.000

vocational education

Note. Column numbers correspond to the numbered indicators in the first column. Critical values of the coefficient for six degrees of freedom are 0.707 at
the five per cent level and 0.834 at the one per cent level. GVA denotes gross value added. The coefficient of —1.000 between the share of wage employees
and the share of self-employed is arithmetic, since the two shares sum to 100 per cent.

The strongest positive level associations with gross value added per employee are recorded for the number of wage
employees (r = 0.995, p < 0.001), the labour force and the employed population (r = 0.987, p < 0.001 in both cases),
employees with technical and vocational education (r = 0.931, p = 0.001), and employees with higher and postgraduate
education (r = 0.913, p = 0.002). All four exceed the 1% critical value of 0.834 and are therefore significant at that level.
Self-employment shows a weaker but still significant association (r = 0.772, p = 0.025), whereas the share of wage
employees is not significantly related to productivity (r = 0.436, p = 0.280).

Negative associations with productivity are recorded for total unemployment (r = -0.857, p = 0.007) and youth
unemployment (r = -0.886, p = 0.003), both significant at the one per cent level. Total and youth unemployment are
themselves strongly co-moving (r = 0.924), and both decline as the educational stock rises. However, the associations with
higher education (r = -0.659 and r = -0.673, respectively) are not significant. The perfect negative correlation between the
share of wage employees and the share of self-employed (r = -1.000) is arithmetic rather than substantive, since the two
shares sum to 100 per cent by construction.

Read in isolation, this matrix would support a straightforward interpretation: expanding graduate output raises
productivity. That interpretation is unsafe, because ten of the eleven series trend monotonically over the observation window
and a common trend inflates level correlations irrespective of any underlying relationship. Table 3 therefore reproduces the
analysis after removing the trend through first differences and growth rates.
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Table 3. Association between the dynamics of gross value added per employee and the dynamics of labour market and
educational potential indicators of the Republic of Kazakhstan, 2018-2025 (n = 7)

Factor indicator Increments, r p Growth rates, r p Nature of the association

Labor force 0.600 0.155 0.727 0.064 Moderate positive, not significant
Employed population 0.603 0.152 0.720 0.068 Moderate positive, not significant
Wage employees 0.797 0.032 0.699 0.081 Strong positive, significant at 5%
Self-employed —0.127 0.786 0.192 0.680 Practically absent

Share of wage employees 0.346 0.447 0.041 0.930 Weak positive, not significant
Employed with higher and 0.297 0.518 0.074 0.876 Weak positive, not significant
postgraduate education

Share of self-employed —0.346 0.447 —0.040 0.933 Weak negative, not significant
Unemployment rate —0.361 0.426 —0.338 0.459 Weak negative, not significant
Youth unemployment rate —0.069 0.883 0.040 0.932 Practically absent

Employed with technical and 0.014 0.977 0.327 0.475 Practically absent

vocational education
Note. Increments denote first differences and growth rates denote the ratio of consecutive annual values, as defined in Equations 1 and 2. Critical values
of the coefficient for five degrees of freedom are 0.754 at the five per cent level and 0.875 at the one per cent level. The characterization in the final column
refers to the association measured in increments.

The dynamic analysis substantially alters the picture. In absolute increments, only wage employment retains a
significant association with the change in productivity (r = 0.797, p = 0.032), exceeding the five per cent critical value of
0.754. The labour force (r = 0.600, p = 0.155) and the employed population (r = 0.603, p = 0.152) show moderate positive
but non-significant associations. Critically, the increment in employees with higher and postgraduate education correlates
with the increment in productivity at only r = 0.297 (p = 0.518), and the corresponding technical and vocational figure
collapses to r = 0.014 (p = 0.977). In growth-rate form, the education-productivity association falls further, to r = 0.074 (p
= 0.876). In contrast, the labour force (r = 0.727, p = 0.064) and the employed population (r = 0.720, p = 0.068) approach,
but do not reach, conventional significance.

The inverse association between productivity and unemployment also weakens once the trend is removed, tor = -
0.361 (p = 0.426) in increments and r = -0.338 (p = 0.459) in growth rates. In contrast, the youth unemployment relationship
disappears entirely (r = -0.069 and r = 0.040 respectively). Self-employment increments remain weakly negative (r =-0.127,
p = 0.786). The overall pattern is that year-to-year movements in productivity track the formal employment margin and
almost nothing else in the dataset. Table 4 summarises the outcome of hypothesis testing against these results.

Table 4. Outcome of hypothesis testing

Hypothesis Statement Empirical evidence Decision

Hi Higher and postgraduate education is r=0.913, p=0.002, above the one per cent critical ~ Supported
positively — associated with  labour value of 0.834
productivity in level form

H, The education-productivity association r falls from 0.913 to 0.297 (p = 0.518) in  Supported
weakens and loses significance under increments and to 0.074 (p = 0.876) in growth rates
detrending

Hs Labour  productivity is inversely r=-0.857 (p=0.007) and r=-0.886 (p =0.003), Supported

associated with total and youth both above the one per cent critical value
unemployment in level form

Ha Wage employment is more strongly Levels: 0.995 against 0.772. Increments: 0.797 (p  Supported
associated with productivity than self- =0.032) against —0.127 (p = 0.786)
employment.

Hs Differentiated allocation of functions No published indicator of Al use intensity in  Not testable on the available data;
raises the effectiveness of Al universities; derived from the classification advanced as a design principle
implementation. procedure and from the outcome of H,

Note. Al denotes artificial intelligence. Decisions refer to the association structure observed in Tables 2 and 3 and are statistical rather than causal.

Hypotheses Hi, H,, Hs, and Ha are supported by the data. Hi holds in level form, with the education-productivity
association significant at the one per cent level. H; is decisively confirmed: the same association declines by a factor of
three in increments and by a factor of twelve in growth rates, losing significance in both. Hs holds in level form for both
total and youth unemployment. H, is supported in both level and dynamic form, with wage employment consistently
outperforming self-employment as a correlate of productivity. Hs is not testable against the statistical series, since no
published indicator measures the intensity of artificial intelligence use in Kazakhstani universities; it is therefore advanced
as a design principle derived from the classification procedure and the empirical finding that quantitative expansion of
educational output does not, by itself, generate productivity gains.

The economic interpretation of this configuration is specific. A country can raise its stock of graduates steadily, as
Kazakhstan did at 3.8 per cent annually, while the year-to-year variation in productivity remains unrelated to that expansion.
Two mechanisms are consistent with the observed pattern. The first is a lag structure in which educational investment affects
productivity only after graduates have accumulated workplace experience, so annual co-movement is not expected. The
second is a composition effect, in which the marginal graduate enters occupations with low technological content, so that
additional credentials do not translate into additional value added. Both mechanisms point to the same managerial
conclusion: the binding constraint is the composition and quality of competencies applied, not the number of diplomas
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awarded. This is precisely the domain in which the allocation of teaching functions between instructor and artificial
intelligence becomes an economic, not merely a pedagogical, question. Figure 1 presents the resulting conceptual
framework.

Digital transformation and Al diffusion

Technological pressure on higher egucation and the labor market

, =

SUBSTITUTION
{Al-led)

Initial grading of standardized tasks

Generation of routine materials

Attendance and progress analytics

COMPLEMENTARITY
(joint teacher-Al)
Personalized earming trajectories
Information-analytical suppart
Project and case design

RETENTION
(teacher-led)
Mentoring and motivation
Critical thinking development
Hnal assessmeant decisions

Basic feedback and reminders Acaptive practice and simulation Academic inteqrity and ethics
Plagisrism and formatting checks Early identification of risk groups Accountability for putcomes
‘l-> - 4 - - o
A 17
Strategic management loop
Institutional Al strategy - differentiated allocation of functions - human aversight of final decisions -« monitering to 2030 )
v = v

fa

Educational outcomes Labor market outcomes

Quality of training, digital and Labor productivity (GVA per

analytical competencies, employee}, formal employment,
{ teacher bime savings youth unemplayment

Note. The degree of operational standardization, the pedagogical complexity, and the necessity of human oversight of the outcome define the three
regimes. The dashed line denotes the feedback of labour market signals into the allocation of functions.

Figure 1. Conceptual framework for the differentiated allocation of teaching functions between the instructor and artificial
intelligence

The framework distinguishes three regimes. Substitution covers operations that are highly standardised,
pedagogically simple, and amenable to automated execution: initial grading of standardised assignments, generation of
routine materials, attendance and progress analytics, basic feedback, and formatting and originality checks.
Complementarity encompasses intermediate standardisation operations that require analytical judgement that neither party
can perform optimally alone: construction of personalised learning trajectories, information-analytical support, project and
case design, adaptive practice, and early identification of students at academic risk. Retention covers operations that
presuppose evaluative discretion and accountability: mentoring, development of critical thinking, final assessment
decisions, enforcement of academic integrity, and responsibility for learning outcomes. The three regimes are bound
together by a strategic management loop that runs from institutional policy through allocation and human oversight to
monitoring, with labour market signals feeding back into allocation itself.

The empirical results shape this framework in a specific way. Because productivity responds to the composition of
competencies rather than to graduate volume, the complementarity regime yields the greatest expected economic return: it
is the regime in which analytical, digital, and project competencies are formed. Substitution is justified on efficiency
grounds, releasing instructor time, but should not be expected to improve learning outcomes directly. Retention is justified
on accountability grounds and is a precondition for the legitimacy of the other two. Table 5 operationalizes the framework
as a monitoring system with baseline values for 2025 and indicative targets for 2030.

Table 5. System of indicators for monitoring the implementation of artificial intelligence in the educational process through
2030

Monitoring indicator Regime Baseline, 2025 Indicative target, 2030
Faculty certified in the pedagogical application of artificial intelligence, %  Retention Not systematically 80
recorded

Educational programmes containing an artificial intelligence literacy Complementarity =~ Fragmentary 100
module, %

Standardized assessment operations executed with automated support, %  Substitution Fragmentary 60
Instructor time released from routine operations, hours per semester Substitution Not recorded 60
Courses offering personalized learning trajectories, % Complementarity ~ Fragmentary 50
Assessment tasks with declared and verifiable artificial intelligence use, %  Retention Not recorded 100
Final assessment decisions confirmed by an instructor, % Retention Not recorded 100
Regional universities with access to licensed artificial intelligence tools, %  Substitution Concentrated in 90

Astana and Almaty

48



Ramazanova et al., Bangladesh Journal of Multidisciplinary Scientific Research 11(4) (2026), 41-53

Employer-assessed digital competence of graduates, index points Complementarity ~ Not measured Established in the first
monitoring cycle
Documented incidents of algorithmic bias or data breach per academic year ~ Retention Not recorded Zero tolerance with

mandatory disclosure
Note. Regime refers to the allocation categories defined in Figure 1. Baseline values describe the state of national reporting in 2025; entries recorded as
fragmentary or not recorded indicate the absence of a unified official statistical basis. Target values are normative and indicative rather than forecast
estimates and require empirical validation.

The indicator system deliberately combines resource, process, and outcome measures. Resource indicators, such
as platform coverage, establish whether implementation is technically feasible; process indicators, such as the share of
assessment tasks with declared use of artificial intelligence, establish whether it is governed; and outcome indicators, such
as employer-assessed digital competence, establish whether it works. Targets are indicative and normative rather than
forecast values, since no observational basis currently exists for projecting them.

DISCUSSIONS

The results support the position that artificial intelligence in the educational process should be treated as a managed
redistribution of professional functions rather than a replacement for teaching labour. Support for H1 and Hs confirms that
educational potential and labour market performance move together over the medium term, which is consistent with the
absorptive capacity literature and with the finding that intermediate technical competencies contribute disproportionately to
innovation and productivity (Mason et al., 2020). The near-identical level correlations obtained here for technical and
vocational education (r = 0.931) and for higher and postgraduate education (r = 0.913) reinforce that argument: the
vocational track is not economically subordinate, a conclusion also reached in work on the neglected innovation role of
vocational training centres (Porto Gomez et al., 2018) and on apprenticeship-driven knowledge diffusion (Rupietta &
Backes-Gellner, 2019).

The confirmation of H; is the more consequential finding, and it qualifies a substantial part of the existing literature.
Studies that examine the education-productivity relationship in level form routinely report strong associations and interpret
them as evidence of educational return. The present analysis reproduces exactly such a result and then demonstrates that it
does not survive detrending: an association of r =0.913 becomes r = 0.297 in increments and r = 0.074 in growth rates. This
does not imply that education is economically inert. It implies that a shared trend carries the level result and cannot be read
as an annual return on graduate numbers. The practical corollary aligns with cross-country evidence that educational
development influences competitiveness through the quality of knowledge rather than its volume (Mazur et al., 2025), and
with Kazakhstani findings that investment in digital infrastructure has outpaced institutional capacity to convert it into
capability (Nurtayeva et al., 2024; Dzhanegizova, 2024).

Support for Hysituates the finding within the structure of the national labour market. Wage employment is the only
variable whose year-to-year movement tracks productivity, suggesting that the formal sector is where technological and
organizational upgrading is concentrated. Self-employment, by contrast, shows no such association, and its declining share
over the period is consistent with gradual formalization. This has a direct bearing on educational strategy: competencies
formed in universities generate measurable return principally when graduates enter formal employment where those
competencies are used. Research on job substitution possibility indices points in the same direction by showing that exposure
to automation and skill requirements vary sharply by sector rather than uniformly across the economy (Koo et al., 2024;
Shannag et al., 2025).

The allocation model advanced under H5 is consistent with the pedagogical evidence. Systematic review findings
that generative tools are used most extensively for transmitting theoretical knowledge and supporting personalized learning,
while immersive technologies prove more effective for practical competencies (Matos et al., 2025), correspond to the
boundary between the substitution and complementarity regimes: the choice of technology should follow from the
educational task rather than from tool availability. The observation that generative systems are reshaping conceptions of
how knowledge is created, transmitted, and assessed (Dong, 2024) supports the retention regime, since the legitimacy of
assessment depends on a human author of the final judgement. Evidence that faculty capability mediates between
technological investment and learning outcomes (Kapasheva et al., 2024) explains why the complementarity regime, which
places the highest demands on instructor competence, is also the one with the greatest expected return. Experimental results
showing that targeted digital interventions raise teacher digital competence most among those starting from lower baselines
(Kazbekovna et al., 2025) indicate where professional development resources should be concentrated, a conclusion
reinforced by parallel Kazakhstani findings (Kurakbayeva & Xembayeva, 2025; Medeshova et al., 2025; Temirkhanova et
al., 2024).

Several results run counter to expectation and should not be obscured. The association between the increase in
technical and vocational graduates and the increase in productivity is effectively zero (r = 0.014), which is difficult to
reconcile with the strong result for the same variable. The most plausible explanation is a lag longer than the observation
window permits detecting. Similarly, the disappearance of the youth unemployment association under detrending (r = -
0.069) suggests that the level result reflects a secular decline in youth unemployment coinciding with productivity growth
rather than a year-to-year relationship. Both findings are reported here because their omission would materially overstate
the strength of the evidence.

The proposed indicator system extends existing monitoring approaches, which typically privilege equipment counts
and platform licences. Counts of computers, platforms, and interactive systems characterize resource conditions but do not,
in themselves, indicate improvement in educational quality. Monitoring, therefore, incorporates faculty artificial-
intelligence competence, the degree of personalization, changes in academic performance, freed-up instructor time, and the
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preservation of human oversight over consequential decisions. Risks accompany implementation: algorithmic bias,
unreliability of generated material, breaches of data confidentiality, growing student dependence on pre-formed answers,
and erosion of independent reasoning. Audit work on the hidden curriculum embedded in generative systems demonstrates
that these risks are structural rather than incidental (Warr & Heath, 2025), and the coexistence of genuine benefit and serious
hazard within a single toolset has been documented in language education (Hockly, 2023). Academic integrity may be
strengthened or undermined depending entirely on how implementation is governed (Artyukhov et al., 2024).

An additional constraint specific to Kazakhstan is the spatial inequality of university digital infrastructure.
Concentration of financial and technological resources in Astana and Almaty risks widening the gap between metropolitan
and regional institutions, a pattern already visible in studies of digital transformation across Kazakhstani universities
(Gulmira et al., 2024; Zarubina et al., 2024) and in comparative assessment across the Eurasian Economic Union (Ospanova
et al., 2025). Unresolved problems remain. The 2030 target values are normative and require empirical validation through
pilot implementation, faculty and student surveys, expert assessment, and before-and-after comparison. No unified official
statistics currently characterize the intensity or effectiveness of artificial intelligence use in Kazakhstani universities, which
is itself a constraint on evidence-based policy. Whether the complementarity regime delivers the expected return, and over
what horizon, cannot be established from macroeconomic aggregates and requires institution-level panel data.

CONCLUSIONS
The purpose of this study was to determine the statistical relationship between the educational potential of Kazakhstan's
employed population and labour productivity over 2018-2025, and to derive a strategic model for the differentiated
allocation of teaching functions between instructors and artificial intelligence from it.

The analysis established that, in level form, gross value added per employee is strongly associated with wage
employment, the employed population, and both educational tracks, and is inversely associated with total and youth
unemployment. When the common time trend was removed, only wage employment retained a significant association, and
the education-productivity link fell from 0.913 to 0.297 in increments and to 0.074 in growth rates. The conclusion that
follows is that expanding the number of graduates does not by itself raise productivity within the observation horizon; what
varies with productivity is the formal employment margin, and what plausibly explains the level association is the joint
upward movement of educational stock and economic output rather than an annual return on educational volume.

The unique contribution of this work is threefold. It applies a three-form correlation procedure to Kazakhstani
labour market and education data, demonstrating that a widely reported level relationship does not survive detrending. It
derives an allocation model for teaching functions from explicit classification criteria rather than asserting the boundary
between human and machine work. It proposes a monitoring system that measures pedagogical, ethical, and labour market
outcomes alongside resource provision, closing a gap in existing frameworks.

Theoretically, the findings caution against inferring educational return from trending aggregates and support a
competency-composition account of how education affects productivity rather than a credential-volume account. For
management practice, several implications follow. Universities should adopt institutional strategies that define permissible
areas for artificial intelligence applications, participants' responsibilities, and quality-control procedures for algorithmically
generated decisions. Routine and standardized operations should be transferred to automated systems, while programme
design, mentoring, development of critical thinking, final assessment, and ethically consequential decisions remain with the
instructor. Curricula should incorporate modules on artificial intelligence literacy, data analysis, verification of generated
information, digital ethics, and academic integrity, and be revised in step with labour market requirements. Faculty
development should address assignment design and control of algorithmic bias, not technical operation alone. Assessment
should shift toward project-based, research-based, and oral formats in which the use of artificial intelligence is declared and
verifiable. Final decisions affecting a student trajectory should never rest with an algorithm alone. State support should
target the digital infrastructure of regional universities to prevent the metropolitan concentration of capability, and
requirements for the storage, processing, and transfer of educational data should be established and audited. Pilot testing in
individual disciplines, with comparison against control groups, should precede any large-scale rollout, and the development
of digital modules should be conducted jointly with employers, with emphasis on competencies that complement rather than
compete with automation.

The study has clear limitations. Eight annual observations provide low statistical power, so associations are
reported as statistical relationships rather than causal effects, and moderate coefficients may fail to meet significance
thresholds even when a relationship exists. National aggregates conceal substantial regional and institutional heterogeneity
in Kazakhstan. No indicator of the intensity of artificial intelligence use in universities has been published, so the allocation
model rests on macroeconomic conditions for implementation rather than on observed implementation. The 2030 targets
are normative rather than forecast values.

Future research should extend the series as longer consistent data become available, assemble panel data across
regions and individual universities, and construct a direct measure of artificial intelligence use intensity in the educational
process. Quasi-experimental evaluation comparing programmes that adopt the differentiated allocation model against those
that do not would permit causal identification. Disaggregation by field of study and by occupation would test the
composition-effect explanation advanced here, and lag-structured analysis would test the alternative timing explanation.
Finally, cross-country replication in comparable middle-income economies would establish whether the divergence between
level and detrended results is a general feature of the education-productivity relationship or specific to the Kazakhstani case.
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