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Abstract. The purpose: Irrigated agriculture in Southern Kazakhstan faces water
scarcity, climatic stress, and uneven adoption of water-saving irrigation technologies,
creating a need for transparent regional prioritization of digital irrigation management.
Methods: This study develops a multi-level, non-causal decision-support framework
for Turkestan, Kyzylorda, and Zhambyl. The framework combines three analytically
separate evidence blocks: a descriptive field-level water-balance comparison, contextual
treatment-level economic evidence, and regional indicators of technology adoption,
relative climate stress, land suitability, and observable implementation readiness. Results:
The first two blocks provide contextual evidence and do not measure digitalization or
enter the composite index. Only regional indicators are integrated through the Digital
Irrigation Management Priority Index (DIMPI). In the source-reported grain-maize
trial, seasonal total water consumption was 3,282 m>/ha under drip irrigation versus
3,996 m3/ha under discrete irrigation, a descriptive difference of 17.87%. Conclusions:
Under all prespecified DIMPI weighting scenarios, Turkestan ranked first, while Kyzy-
lorda and Zhambyl exhibited contrasting need-readiness profiles. The results support
the use of DIMPI as a preliminary screening tool for identifying where more detailed
digital-irrigation feasibility assessment may be warranted, rather than as an estimate
of digitalization effects or project-level investment returns.

Keywords: digital irrigation management, regional prioritization, decision-sup-
port framework, water-saving irrigation technologies, implementation readiness,
composite index, Southern Kazakhstan.

Introduction

In irrigated farming, water is a scarce economic good, the distribution of which has significant opportunity
cost; its improvement involves more than just physical efficiency gains (Molden et al., 2010). Decreased use of
water on a field basis does not necessarily mean decreased use on a basin basis because decreased return flows
and behavior can counterbalance reductions (Grafton et al., 2018). For this reason, economic analysis stresses that
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the benefits of investments in water-saving technologies will be contingent upon the quality of water allocation
and available information to irrigation managers (Pérez-Blanco et al., 2020). Therefore, irrigation policy should be
based on information about the economic efficiency of operations alongside technological efficiency.

These problems manifest themselves particularly acutely in Southern Kazakhstan, specifically in Turke-
stan, Kyzylorda, and Zhambyl, which experience water scarcity and use of transboundary flows in some parts of
the southern irrigation system. According to national estimates, inadequate conveyance infrastructure and water
consumption inefficiency represent the major restrictions to the development of Kazakhstan’s water economy
(Karatayev et al., 2017); however, recent field research conducted in the Turkestan area shows significant variations
in water availability and salinity limits to the utilization of drainage waters (Ayana et al., 2024). The implementation
of water-saving irrigation systems is rather patchy and incomplete (World Bank, 2024), and agriculture is one of the
sectors that are the least developed in terms of digitalization (Shalbolova et al., 2025). Under these circumstances, the
determination of regional priorities in the modernization of irrigation practices represents a meaningful problem.

In this research, digital irrigation management is understood in its broadest sense as irrigation decision-mak-
ing informed through the use of monitoring data, geospatial technology, remote sensing data, hydrologic databases,
and computerized water allocation, with possible future inclusion of control sensors and automatic water delivery.
The economic importance of the phenomenon under investigation relates mostly to informational and management
aspects: better monitoring, improved irrigation scheduling, more accurate water accounting, spatial coordination,
and reduction of decision uncertainty (Abioye et al., 2020; Bwambale et al., 2022). The above-mentioned potential
benefits, however, are not guaranteed automatically but depend on a number of factors: infrastructure, funding,
skill set, institutions, data management, and organizational capacity, among others (Klerkx et al., 2019; Pronti et
al,, 2024). In other words, the above-mentioned technologies cannot be assumed to deliver water savings or prof-
itability automatically.

Existing research offers important but fragmented evidence on these questions. Separate strands examine
water productivity, field-level irrigation efficiency and its basin-level consequences, digital monitoring and control,
technology adoption, climate stress, land suitability, and agricultural digitalization, while persistent regional data
constraints complicate integrated assessment across Central Asia (Xenarios et al., 2019). Few studies bring together
complementary evidence on field-level water-saving performance and treatment-level economic efficiency while
separately integrating regional adoption, climate stress, land suitability, and observable readiness within a transpar-
ent need-readiness prioritization framework for Southern Kazakhstan. The existing literature therefore provides
limited integrated guidance for assessing where digital irrigation management is comparatively more needed and
where implementation conditions appear more favorable.

The study aims to develop a transparent, multi-level decision-support framework for the preliminary regional
prioritization of digital irrigation management in Southern Kazakhstan under incomplete and heterogeneous data.
It pursues five analytical objectives: to compare reported field-level water use under discrete and drip irrigation; to
use selected treatment-level economic observations as contextual evidence on the relationship between agronomic
and economic performance; to examine exploratory associations between yield, production costs, profit, and prof-
itability; to evaluate regional adoption of water-saving irrigation technologies, relative climate stress, suitable-land
potential, and observable readiness; and to construct and sensitivity-test a Digital Irrigation Management Priority
Index (DIMPI). The analysis addresses four questions: how reported field-level water use differs between discrete
and drip irrigation; what the selected treatment-level observations reveal about the relationship between agro-
nomic and economic performance; how Turkestan, Kyzylorda, and Zhambyl differ in relative need and observable
readiness for digital irrigation management; and how sensitive the resulting regional prioritization is to alternative
weighting assumptions.

Accordingly, the principal contribution of this study is methodological rather than causal: it develops a trans-
parent, sample-relative framework for the preliminary regional prioritization of digital irrigation management under
incomplete and heterogeneous data. The framework distinguishes relative need from observable implementation
readiness and identifies where more detailed digital-irrigation feasibility assessment may be warranted. Field-level
water-balance evidence and treatment-level economic observations are retained as analytically separate contextual
evidence on irrigation-system performance and the distinction between agronomic and economic outcomes; neither
block is interpreted as a measure of digitalization, and neither enters DIMPI. Regional prioritization is determined
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only by the regional indicator block comprising technology adoption, relative climate stress, land-suitability potential,
Existing WST Scale, and Drip-Irrigation Readiness. This separation avoids attributing observed field or treatment
outcomes to digital technologies in the absence of direct digital-adoption data.

Literature review

Contemporary agricultural economics treats irrigation water not merely as a physical input but as a scarce
resource whose use involves substantial opportunity costs. Within this approach, water productivity (physical or
economic output per unit of water) has become the main principle guiding all the discussion, though the leading
advocates of this idea call for some care. According to Molden et al. (2010), the highest increase in water productivity
comes when water is used inefficiently and becomes lower as yields come closer to their maximum, implying that
water productivity could be seen as an indicator of areas where changes are possible rather than the ultimate policy
goal. A systematic review of crop water productivity in wheat, maize, and rice covering three decades shows large
variations in it within the irrigated regions and proves that water productivity could be calculated using remote
sensing data (Foley et al.,, 2020). As for Kazakhstan, the economic relevance of these terms increases because of
poor infrastructure, growing pollution risks, and water-saving opportunities remaining unused, reducing the value
of each cubic meter of water (Karatayev et al., 2017). The literature thus converges on the importance of water
productivity while warning that physical and economic productivity can diverge.

A sharper tension emerges around water-saving irrigation technologies. Engineering studies typically evaluate
drip and sprinkler systems by field-level application efficiency, whereas economic and hydrological analyses insist
on basin-level water accounting — and the two perspectives can yield opposite conclusions. Grafton et al. (2018)
formulate this as the paradox of irrigation efficiency: efficiency gains frequently fail to reduce basin-scale consump-
tion because return flows to aquifers and downstream users shrink, lower per-hectare water costs encourage area
expansion and the cultivation of more water-intensive crops. Basin-scale modeling had earlier shown that subsidized
conservation investment can even increase total depletion (Ward & Pulido-Veldzquez, 2008), and decomposition of
the rebound effect in China’s Hetao district confirms area expansion and reduced return flows as its main drivers (Xu
& Song, 2022). The accounting foundations of this critique — the distinction between consumed and recoverable
fractions of withdrawals — are set out by Perry and Steduto (2017). Synthesizing over two hundred studies, Pérez-
Blanco et al. (2020) conclude that water-conservation technologies primarily stabilize agricultural productivity and
farm income under scarcity, while genuine basin-level conservation requires accompanying allocation policies. This
literature should be interpreted with care in this particular case study: high efficiency at the field level does not
imply basin-level water conservation.

The economic rationale for digital irrigation revolves more around information provided by digital devices
rather than water savings. Literature reviews show that there is a well-developed arsenal of technologies, including
soil moisture and weather monitoring, open and closed loop control, and model predictive scheduling, which help
align water application with crop water requirements and minimize the uncertainty of decision-making (Abioye et
al,, 2020). Closed-loop monitoring and control approaches show significant improvements in water use efficiency
compared to traditional scheduling (Bwambale et al., 2022). Remote sensing adds informational capabilities of
digitalization to the regional level, making it possible to consistently calculate water productivity in large irrigated
territories (Foley et al., 2020). A limitation of this literature is that digital irrigation is often approached primarily
as an engineering problem, with comparatively limited evidence on economic outcomes such as profitability or
investment performance. Its economic value therefore lies primarily in improved monitoring, water accounting,
scheduling, and allocation decisions, although the resulting benefits remain conditional on the surrounding imple-
mentation environment.

The question of whether adoption takes place rests upon several variables, and the existing body of work
repeatedly emphasizes that adoption cannot be gauged purely by technological efficiency. A systematic review
of econometric adoption literature reveals that water-conservation technology adoption determinants (farmers’
farm size, education, financing, and information access) are highly heterogeneous across settings and lack a single
unambiguously generalizable determinant (Pronti et al., 2024). From the point of view of systems thinking, the
social science literature reaches an analogous conclusion: Agriculture 4.0 also raises unresolved challenges related
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to digital divides, data governance, and distributional effects that are commonly overlooked by technology-driven
assessment frameworks (Klerkx et al., 2019; Klerkx & Rose, 2020). For the case of Central Asia, these personal barri-
ers are coupled with the problem of collective action due to the post-Soviet transformation of the irrigation sector,
wherein informal water-users’ groups emerge due to the underperformance of formal organizations (Abdullaev
et al,, 2010). Experimental findings demonstrate that institutional path dependence, along with transaction costs
are jointly determines farmers’ cooperation with regard to infrastructure (Amirova et al., 2019). This multi-faceted
nature of readiness is what makes farm-level adoption studies insufficient for priority setting in the region.

Southern Kazakhstan is an especially relevant example for the analysis of the convergence of such research
streams. For instance, according to the national assessments, infrastructure degradation and inefficiency are critical
problems that bind Kazakhstan’s water economy (Karatayev et al., 2017). At the same time, less than one-third of
the irrigated area in the country uses modern water-saving technologies (World Bank, 2024). Thus, in Maktaaral
district in Turkestan region, the supply of water for irrigation changes between 50% and 95% of needs, depend-
ing on transboundary inflow, whereas salinity limits the reuse of drainage water (Ayana et al., 2024). The climate
projections complicate the situation further, as warming is expected to decrease the yields of spring wheat and
barley but positively affect some winter crops (Islyami et al., 2020). In addition, institutional inheritance from the
Soviet period continues to affect the choice of adaptation measures by the farmers (Barrett et al.,, 2017). Simultane-
ously, agriculture is the least digitized sector of the economy in Kazakhstan due to lack of network infrastructure,
lack of competence, and high cost of innovations (Shalbolova et al., 2025). However, the studies discussed above
remain fragmented across contextual, hydrological, and policy-oriented questions and, given the documented data
constraints in Central Asia (Xenarios et al,, 2019), provide limited integrated guidance for the economic evaluation
and regional prioritization of digital irrigation management in Southern Kazakhstan.

A final strand concerns spatial prioritization. GIS and remote-sensing-based land-suitability evaluation is a
standard methodology for identifying where irrigated agriculture is viable, including in arid settings methodolog-
ically comparable to Southern Kazakhstan (AL-Taani et al., 2021). Climate-related variables such as temperature,
precipitation, and humidity provide relevant contextual indicators for comparing regional agricultural water stress,
particularly in settings exposed to climatic variability and irrigation dependence (Islyami et al., 2020; World Bank,
2024). However, transforming such heterogeneous variables into comparable regional indicators requires a trans-
parent normalization procedure. Composite indicators provide an established vehicle for such integration when
built transparently — with an explicit conceptual framework, documented normalization such as the min-max
transformation, justified weighting and aggregation, and sensitivity checking (OECD & Joint Research Centre of
the European Commission, 2008). Yet these spatial and indicator-based approaches are seldom connected to the
economic prioritization of irrigation digitalization, while persistent regional data gaps favor transparent indica-
tor-based frameworks over data-intensive structural models (Xenarios et al., 2019).

Related irrigation-prioritization frameworks address decision problems adjacent to, but distinct from, that
considered here. Luo et al. (2021) combine remote-sensing-derived agricultural indicators with AHP-TOPSIS to
prioritize irrigation-water allocation within an irrigation district, whereas LaFevor et al. (2021) identify priority
municipalities for irrigation expansion using farm typologies and development-oriented criteria. These approaches
primarily prioritize water allocation or irrigation expansion. DIMPI addresses a different decision problem: the
regional prioritization of digital irrigation management under incomplete data, explicitly separating relative need
from observable implementation readiness rather than optimizing water allocation, selecting a specific irrigation
technology, or identifying locations for irrigation expansion. This distinction defines the intended methodological
contribution of the present framework.

Taken together, the literature offers substantial but compartmentalized evidence on water productivity,
the distinction between field-level saving and basin-level conservation, the informational economics of digital
irrigation, the multidimensional determinants of technology adoption, and Kazakhstan’s water-management and
digitalization challenges. What remains insufficiently developed is a transparent framework that can use relevant
irrigation-system evidence while keeping it analytically distinct from the regional indicators that determine digi-
tal-management priority. The present study addresses this gap through a multi-level, non-causal design. Field-level
water-balance evidence is used descriptively to characterize irrigation-system performance, while treatment-level
economic observations are used only to illustrate why agronomic improvement cannot automatically be equated
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with economic efficiency. Neither block is treated as a measure of digitalization or enters DIMPI. Regional prior-
itization is based exclusively on climate stress, the adoption gap, suitable-land potential, Existing WST Scale, and
Drip-Irrigation Readiness. This separation enables the framework to address a regional need-readiness decision
problem without artificially pooling incompatible units of observation or attributing observed agronomic and
economic outcomes to digital technologies.

Research methods

Research design and data

This study develops a data-driven economic assessment and decision-support framework for identifying
regional priorities for digital irrigation management in Southern Kazakhstan. Digital irrigation management is
defined as irrigation decision-making supported by monitoring information, geographic information systems,
remote-sensing products, hydrological databases, and software-assisted water allocation. The study does not esti-
mate causal effects of digital technologies on yield, profit, profitability, or water productivity because farm-level
before-and-after observations on digital adoption, sensor deployment, loT streams, and automated gate operation
are unavailable. Direct region-level measures of sensor deployment, telemetry, digital connectivity, software use,
data-system interoperability, and related institutional digital capacities are likewise unavailable. Accordingly, the
regional analysis does not measure digitalization itself; it prioritizes relative need and observable enabling condi-
tions for subsequent digital-irrigation assessment.

The non-causal, multi-level design comprises three analytically distinct evidence blocks: (i) a descriptive
field-level water-balance comparison; (ii) a contextual region x site x crop x treatment assessment of economic
performance supplemented by exploratory accounting diagnostics; and (iii) a regional analysis of WST adoption,
relative climate stress, suitable-land potential, observable implementation readiness, and the Digital Irrigation
Management Priority Index (DIMPI). Because these blocks have different units of observation and different analytical
purposes, they are analyzed within their native units rather than mechanically pooled. The first two blocks provide
contextual evidence only and do not measure digitalization or determine regional rankings. Only the regional
adoption, climate-stress, land-suitability, Existing WST Scale, and Drip-Irrigation Readiness indicators enter DIMPI.

The empirical analysis uses aggregated secondary data reported in a 2023 final research report prepared
under research programme 0.0970 and registered in the national scientific and technical information system under
state registration No. 0121RK00747. Five data blocks are employed: water-balance observations comparing discrete
and drip irrigation; ten region x site x crop x treatment observations; adoption indicators for all seventeen regions
of Kazakhstan; 2,395 climate observations in region x station x year x metric format; and monitoring-based regional
land-suitability estimates. The treatment sample contains five grain-maize observations from OPU-1 Besagash in
Zhambyl and five cotton observations from OPU-2 Shugyla in Turkestan. OPU denotes the experimental produc-
tion-site classification used in the source report.

The five treatments are control, phosphogypsum, sulfuric acid, aqueous ammonia, and combined phos-
phogypsum and aqueous ammonia. Phosphogypsum was applied at 5 t/ha, sulfuric acid at 2.5%, and aqueous
ammonia at 50 kg/ha with a concentration of 25%; the combined treatment used the same respective application
rates. Water-balance and treatment-level economic data refer to the 2023 growing season. Adoption indicators
represent cumulative sprinkler- and drip-irrigated areas as of 2023. Climate observations cover 2000-2021, while
land-suitability estimates derive from the 2021-2023 integrated ground and satellite monitoring programme,
supported by field validation at 84 test sites in 2023. Turkestan, Kyzylorda, and Zhambyl were selected because of
their importance to irrigated agriculture, exposure to water scarcity, and policy relevance to irrigation modernization.

The field-level water-balance comparison refers specifically to a source-reported 2023 grain-maize trial at
OPU-1 Besagash in the Zhambyl region. The source provides two irrigation-regime-level seasonal water-balance
values—discrete and drip irrigation—rather than a replicated sample of independent farms. The reported values of
3,996 and 3,282 m3/ha represent seasonal total water consumption per hectare, while the corresponding irrigation
norms are 3,550 and 2,910 m3/ha. Both regimes therefore refer to the same crop, experimental site, and growing
season. The available source material does not report the values as cross-farm sample means and does not provide
sufficient information on the number and area of experimental plots, replication structure, or whether measurement
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instrumentation and all plot-level water-delivery conditions were identical between regimes. The comparison is
consequently treated strictly as a descriptive comparison of source-reported aggregated values, without statistical
inference or causal interpretation.

Strict treatment-level physical or economic water-productivity ratios cannot be calculated because the
water-balance data are organized by irrigation technology, whereas the economic data are organized by crop, site,
and treatment, and treatment-specific water use is unavailable. The study therefore evaluates field-level water-saving
performance and treatment-level economic efficiency within their native units rather than constructing yield-per-
cubic-meter or profit-per-cubic-meter measures.

Descriptive Water-Balance Comparison

The water-balance stage compares total field-level water consumption under drip irrigation with what the
source report terms “discrete irrigation.” In this study, discrete irrigation refers operationally to a regime of seven
separate, relatively high-volume irrigation applications of 450-600 m?/ha each during the 2023 growing season.
The source term is retained for traceability and is not presented as a universally standardized international irri-
gation-system category. By comparison, drip irrigation involved fourteen smaller applications of 90-260 m?>/ha.
Absolute and relative water saving are calculated as:

TWdiscrete - TWdrip

WS = TWaiscrete — T Warip, WSR = 100 X TW giscrete )

Here, WS denotes absolute field-level water saving in m3/ha, WSR is the percentage reduction relative

to discrete irrigation, and TW and TW drip denote total field-level water consumption under the two regimes.

discrete
Equation (1) describes field-level water-saving performance and does not imply an equivalent basin-level reduction
in consumption or depletion.

Contextual Treatment-Level Economic Assessment

Treatment-level economic efficiency is assessed using yield, output price, gross output, production costs,
profit, and profitability. Yield is measured in c/ha, where one centner equals 100 kg; output price is measured in
KZT/c; monetary outcomes are measured in KZT/ha and reported in thousand KZT/ha where appropriate; and
profitability is expressed as a percentage. Gross output equals yield multiplied by output price, profit equals gross
output minus production costs, and profitability equals 100 times profit divided by production costs. Each treatment
is compared with its crop- and site-specific control:

AY; = 100 x u,APizloox M,ARi:Ri_RO (2)
Yo PO

In Equation (2), Y, P, and R denote yield, profit, and profitability; i identifies the treatment, and 0 denotes
the corresponding control. Yield and profit changes are percentages, whereas profitability changes are percentage
points. These treatments are soil-reclamation interventions rather than digital-irrigation technologies and are
not used as proxies for digitalization. Their role in the present study is strictly contextual: they provide observed
evidence that agronomic performance and economic performance can diverge within irrigated production systems,
thereby demonstrating why yield improvement alone is insufficient for irrigation-management decision support.
This block does not enter DIMPI, does not determine regional rankings, and is not interpreted as evidence of the
economic effect of digitalization.

Exploratory Accounting Diagnostics

Two ordinary least squares models assess whether the treatment-level observations are directionally
consistent with their accounting relationships:
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Outcomei(m) = am + BimYield; + Bon Cost; + ai(m>, (3)
m € {profit, profitability}.

Model 1 uses profit as the dependent variable, whereas Model 2 uses profitability; both models include
yield and production costs as regressors. Inference uses HC3 heteroskedasticity-robust standard errors. The sample
contains ten crop-site-treatment observations rather than independent farms and combines two crops, two sites,
different prices, and different cost structures. Yield and production costs are highly collinear (; implied VIF = 43.6),
while profit and profitability are partly constructed from the accounting quantities represented by the regressors.
Leave-one-out diagnostics preserve positive yield and negative cost coefficients in both models, but magnitudes
and precision remain sample-sensitive. The models are therefore exploratory accounting diagnostics and support
no causal, structural, predictive, or digital-technology-related interpretation. Coefficients and inferential statistics
are reported in the Results.

Regional Adoption and Observable Readiness Proxies

Regional adoption is examined for all seventeen regions. Total WST area equals sprinkler-irrigated plus
drip-irrigated area, and drip share equals 100 times drip-irrigated area divided by total WST area. These indicators
describe the existing technological base. Drip share proxies the scale of pressurized and closely controlled irrigation
compatible with monitoring and software-supported scheduling; it is not a direct measure of digitalization, and
sprinkler systems may also be digitalized.

Climate stress indicator

Relative climate stress is constructed from average annual mean temperature (), annual precipitation (), and
annual relative humidity (). Station-year observations were averaged by regional climate metric over 2000-2021
and then normalized across Turkestan, Kyzylorda, and Zhambyl:

— X (4)

Xr — Xmin

Xmax — Xmin Xmax — Xmin

NT assigns higher normalized values to larger raw values, N~ assigns higher normalized values to smaller
raw values, denotes the region, and Xmin and Xmaxare the minimum and maximum across the three-region compar-
ison set. N is applied to temperature, suitable-land area, total existing WST area, and drip share; NV is applied to
precipitation, relative humidity, and total WST area when constructing the Adoption Gap.

Accordingly, Tmrm’err* (T),PR . =Nr-(PR),H  =Nr-(H), AdoptionGap =N - (WST), Suitable-

Land  =Nr* (SuitableLand), WSTScale =Nr* (WST), and DripReadiness =Nr* (DripShare). Because Adoption Gap

norm,r

and Existing WST Scale are inverse transformations of the same WST-area measure, AdoptionGap =1-WSTScale .

N+ (T N (PR)+ N (H
ClimateStress, = — (T) + N ; ) + N, (H) (5)

Higher temperature, lower precipitation, and lower humidity increase the indicator. Equation (5) is
sample-relative and is not an absolute drought or climatological classification.

Digital Irrigation Management Priority Index (DIMPI)

DIMPI is a transparent, sample-relative decision-support tool that compares where digital irrigation manage-
ment may warrant greater policy attention on the basis of relative need and observable implementation readiness.
It is not a causal estimator, universal ranking, investment model, or complete measure of institutional or digital
capacity. Accordingly, DIMPI is intended as a preliminary screening instrument for identifying where more detailed
digital-irrigation appraisal may be warranted. It does not replace project-specific techno-economic feasibility anal-
ysis, which would require information on digital-infrastructure costs, connectivity, sensors and software, human
capital, institutional arrangements, water tariffs, financing conditions, and expected economic returns.
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The Need Index combines relative climate stress, the Adoption Gap, and suitable-land potential:

NeedIndexr — ClimateStreSSr + AdOPtiOI;GaPr + SUitableLaﬂdnorm,r (6)

These terms represent climatic pressure, unmet WST adoption, and the potential spatial scale of intervention.
Suitable land therefore represents intervention scale rather than automatic technical or investment feasibility, and
the Need Index is not a pure scarcity or vulnerability measure.

The Readiness Index combines Existing WST Scale and Drip-Irrigation Readiness:

WSTScale, + DripReadiness,
2

(7

ReadinessIndex, =

Readiness is observable and proxy-based. It reflects existing WST scale and drip-irrigation share but does
not directly measure broadband quality, digital skills, access to finance, sensor penetration, data interoperability,
institutional quality, or complete implementation capacity.

The general DIMPI specification is:

DIMPI, (w) = wNeedIndex; + (1 — w)ReadinessIndex,,
w € {0.50,0.60,0.70}

(8)

The baseline value w=0.60 was not empirically estimated or derived from expert elicitation. It was selected
as a component-neutral baseline because the Need dimension contains three equally weighted component terms,
whereas the Readiness dimension contains two. Assigning 60% to Need and 40% to Readiness therefore gives each
of the five component terms an equal effective weight of 0.20 in the composite index. The baseline should conse-
quently be interpreted as a transparent analytical reference specification rather than as an externally validated policy
preference. This treatment is consistent with composite-indicator practice emphasizing transparent specification of
weights and sensitivity analysis rather than treating a single weighting structure as objectively determined (OECD
& Joint Research Centre of the European Commission, 2008). To examine sensitivity to this researcher-specified
choice, alternative values of w=0.50 and w=0.70shift the relative emphasis toward Readiness and Need, respectively,
while leaving the internal component definitions unchanged. Adoption Gap and Existing WST Scale are inverse
transformations of the same WST-area measure, so their contributions offset under w=0.60. The baseline therefore
treats the existing WST scale as a neutral trade-off between unmet adoption need and observable implementation
readiness. Relative to the baseline, w=0.50 gives Existing WST Scale a positive net contribution, whereas w=0.70
gives the Adoption Gap a positive net contribution.Software, reproducibility, and methodological limitations

All calculations were conducted in StataNow/SE 18.5 using reproducible do-files. The data were standardized
by analytical block, checked for consistency, and exported as article-ready tables and figures.

Four limitations define the scope of inference. First, the absence of farm-level before-and-after digital-adop-
tion observations and direct region-level measures of sensor deployment, telemetry, connectivity, software use, and
data-system interoperability prevents causal estimation of digital-technology effects and direct measurement of
regional digitalization. DIMPI should therefore be interpreted as a preliminary prioritization and decision-support tool
based partly on observable readiness proxies. Second, HC3 does not overcome the ten-observation sample, extreme
collinearity, cross-crop and cross-site heterogeneity, or the accounting construction of the regression outcomes.
Leave-one-out diagnostics preserve coefficient directions, but magnitudes and precision remain sample-sensitive,
precluding definitive, causal, structural, or predictive inference.

Third, DIMPI covers only three regions and uses comparison-set-dependent min-max normalization,
researcher-specified weights, and proxy-based readiness measures. In particular, Kyzylorda’'s Readiness Index value
of 0.000 is a mathematical consequence of being the minimum observed value within the three-region min-max
normalization; it does not indicate an absolute absence of readiness and must not be extrapolated beyond this
comparison set. Temperature, precipitation, and humidity receive equal internal weights; the alternative values of
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in Equation (8) test the need-readiness balance but not alternative climate weights. Existing WST and suitable-land
components are measured in absolute hectares and may partly capture regional scale; future applications should
test area-normalized alternatives. Future applications may replace these analytical weights with stakeholder- or
expert-elicited weights where sufficiently representative elicitation data are available. Fourth, only regional adoption,
climate-stress, land-suitability, and readiness indicators are integrated through DIMPI; field-level water balance,
treatment-level economic efficiency, and exploratory regression diagnostics remain analytically separate.

Results and Discussion

The results are presented as analytically separate evidence layers reflecting the multi-level design. The
field-level water-balance block provides a descriptive comparison of irrigation regimes, and the treatment-level
economic block provides contextual evidence on the distinction between agronomic and economic performance.
Neither block measures digitalization, and neither enters the regional priority index. The regional adoption, climate-
stress, land-suitability, and observable-readiness indicators form the only inputs to DIMPI and therefore constitute
the empirical basis of the regional prioritization results. Exploratory regressions are reported solely as accounting
diagnostics and do not inform the regional rankings or policy interpretation.

Descriptive Field-Level Water-Balance Comparison

For the source-reported 2023 grain-maize trial at OPU-1 Besagash, the seasonal water-balance values
differed descriptively between the discrete- and drip-irrigation regimes (Table 1).

Table 1 - Descriptive Field-Level Water-Balance Comparison for Grain Maize at OPU-1 Besagash, 2023

Indicator Discrete Drip irriga- | Absolute Difference relative to
irrigation | tion difference discrete irrigation, %

Irrigation norm, m3/ha 3,550 2,910 640 18.03

Soil-moisture contribution, m3/ha 446 372 74 16.59

Precipitation contribution, m3/ha 0 0 0 —

Total water consumption, m3/ha 3,996 3,282 714 17.87

Note. Differences are calculated as discrete irrigation minus drip irrigation and are expressed relative to
the discrete-irrigation value. The table reports two source-reported seasonal irrigation-regime-level water-balance
values for grain maize at OPU-1 Besagash in 2023. These values are descriptive and do not represent a replicated
sample of independent farms or evidence of basin-level water conservation. Source: Authors’ calculations based on
the secondary data described in Research Methods.

Seasonal total water consumption was reported as 3,996 m?®/ha under discrete irrigation and 3,282 m?3/
ha under drip irrigation, corresponding to a descriptive difference of 714 m*/ha, or 17.87% relative to the discrete
regime. The corresponding irrigation norm was 3,550 versus 2,910 m3/ha, a difference of 640 m*/ha (18.03%).
The remaining 74 m3/ha difference in the total water-balance values reflects the reported soil-moisture contribu-
tion (446 versus 372 m3/ha) and should not be interpreted as irrigation water that was not delivered to the field.
Precipitation was reported as zero in both source rows. Because the comparison consists of two aggregated irriga-
tion-regime-level values rather than replicated independent observations, no significance test is appropriate, and
the result is interpreted strictly as a descriptive difference under the reported field conditions.

Operationally, the reported 640 m*/ha difference in irrigation norm may be relevant in water-scarce settings
because it represents the difference in irrigation water applied per hectare between the two source-reported regimes.
However, this is not without conditions, since the data set does not include prices for water, electricity, labor costs,
or other farms. Equally important, the irrigation-efficiency literature cautions that field-level application reductions
do not translate mechanically into basin-level conservation: lower field losses can shrink recoverable return flows,
and cheaper water per hectare can encourage area expansion or crop intensification (Grafton et al., 2018; Pérez-
Blanco et al,, 2020; Perry & Steduto, 2017; Xu & Song, 2022). The observed 17.87% reduction therefore indicates
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lower field-level water use under the reported conditions, but it does not establish an equivalent reduction in basin-
level consumption or depletion. Physical water saving consequently needs to be evaluated alongside the economic
outcomes of the associated field operations, to which the analysis now turns.

Contextual Economic Evidence from Soil-Reclamation Treatments

This block provides contextual economic evidence from soil-reclamation treatments rather than evidence
of digital-irrigation effects. Within this limited treatment sample, the combined phosphogypsum and aqueous-am-
monia treatment recorded the highest observed yield, profit, and profitability values in both crop-site groups, while
yield gains did not uniformly translate into higher profit (Table 2).

Table 2 - Contextual Economic Performance of Selected Soil-Reclamation Treatments

Treatment Yield, Production | Profit, Profitability, % | Yield Profit
c/ha costs, thou- | thousand change, | change, %
sand KZT/ |KZT/ha %
ha

Panel A. Grain maize,
Zhambyl region — OPU-1

Besagash

Control 105.3 915.9 4121 45.0 — —
Phosphogypsum 110.3 911.7 479.3 52.6 4.75 16.31
Sulfuric acid 114.5 1,065.5 378.4 35.5 8.74 -8.16
Aqueous ammonia 116.7 984.1 487.6 49.6 10.83 18.35
Combined treatment 126.2 999.9 591.6 59.2 19.85 43.57

Panel B. Cotton, Turkestan
region — OPU-2 Shugyla

Control 23.5 437.6 181.3 41.4 — —
Phosphogypsum 26.7 436.9 266.2 60.9 13.62 46.85
Sulfuric acid 29.9 503.5 284.0 56.4 27.23 56.62
Aqueous ammonia 34.4 465.1 4409 94.8 46.38 143.16
Combined treatment 35.6 460.1 477.5 103.8 51.49 163.36

Note. Treatment outcomes are compared with crop- and site-specific controls. Monetary values are reported
in thousands of KZT /ha. The treatments are soil-reclamation interventions, not digital-irrigation technologies. Source:
Authors’ calculations from values reported in the 2023 final research report (state registration No. 0121RK00747).

In the Zhambyl grain-maize experiment (OPU-1 Besagash), the combined treatment raised yield from 105.3
to 126.2 c/ha (+19.85%) and profit from 412.1 to 591.6 thousand KZT /ha (+43.57%), lifting profitability from 45.0%
to 59.2%. Aqueous ammonia alone also recorded gains in both yield and profit (+10.83% and +18.35%, respectively),
with profitability of 49.6%, and phosphogypsum improved both yield (+4.75%) and profit (+16.31%) at nearly
unchanged cost. By contrast, sulfuric acid increased yield by 8.74% yet reduced profit by 8.16% and profitability
by 9.5 percentage points, because production costs rose from 915.9 to 1,065.5 thousand KZT /ha. In the Turkestan
cotton experiment (OPU-2 Shugyla), responses were proportionally larger throughout: the combined treatment
raised yield by 51.49% and profit by 163.36%, with profitability reaching 103.8% against a control value of 41.4%,
while aqueous ammonia alone raised profit by 143.16% (profitability of 94.8%).

Three interpretive points follow. First, the divergence between agronomic and economic outcomes under the
sulfuric-acid treatment in Zhambyl illustrates that an observed yield improvement need not imply higher economic
efficiency once production costs are considered. Second, absolute monetary values should not be compared directly
across the two crop-site panels because crops, output prices, sites, and cost structures differ; comparisons are
therefore made relative to the corresponding crop- and site-specific controls. Third, and most importantly for the
scope of this study, these treatments are soil-reclamation interventions on irrigated land rather than digital-irriga-
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tion technologies. They are not used as digitalization proxies, do not enter DIMPI, and do not determine regional
rankings. Their relevance is limited to demonstrating why future digital-irrigation appraisal should incorporate
economic outcomes such as costs, profit, and profitability rather than relying on agronomic performance alone.
Because treatment-specific water-use observations are unavailable, no treatment-level physical or economic
water-productivity ratios are calculated. Whether the observed yield-cost-profit relationships are directionally
coherent is examined next.

Exploratory Accounting Diagnostics

The exploratory regressions assess whether the treatment-level observations are directionally consistent with
their accounting structure. In both models, yield has a positive coefficient and production costs have a negative coeffi-
cient, and these directions remain unchanged across all ten leave-one-out replications. However, yield and production
costs are highly collinear, and HC3 correction materially increases the standard errors. The estimates are therefore
interpreted as diagnostics of directional consistency rather than as evidence of reliably separable economic effects
(Table 3). Given the sample size and accounting structure of the variables, these regressions are reported for diagnos-
tic transparency only and are not used to support the regional prioritization or the policy conclusions of the study.

Table 3 - Exploratory OLS Accounting Diagnostics with HC3 Standard Errors

Explanatory variable / model statistic | Model 1: Profit, thousand Model 2: Profitability, %
KZT /ha
Yield, c/ha 11.365 1.605
HC3 standard error (6.401) (1.846)
p-value [0.119] [0.413]
Production costs, thousand KZT /ha -1.571 -0.304
HC3 standard error (1.119) (0.326)
p-value [0.203] [0.382]
Constant 706.405 162.036
HC3 standard error (335.095) (97.507)
p-value [0.073] [0.141]
Observations 10 10
R? 0.739 0.541
Robust F-statistic, F(2, 7) 9.70 0.83
Prob > F 0.010 0.473
Root MSE 71.787 17.143

Note. HC3 standard errors are reported in parentheses and exact p-values in square brackets. Profit and
production costs are measured in thousands of KZT /ha, while profitability is expressed as a percentage. The estimates
are exploratory, non-causal diagnostics based on ten observations. Source: Authors’ estimates using the secondary
data described in Research methods.

In Model 1, the yield coefficient is 11.365 thousand KZT /ha per additional centner per hectare, while the
production-cost coefficient is -1.571. Neither coefficient is individually statistically distinguishable from zero
under HC3 inference (p = 0.119 and p = 0.203, respectively). The regressors are jointly significant, F(2, 7) = 9.70, p
=0.010, and the model accounts for 73.9% of the observed variation in profit. This joint result does not identify the
independent contribution of either regressor because yield and production costs are nearly collinear.

Model 2 produces the same coefficient directions but substantially weaker statistical performance. The yield
and production-cost coefficients are 1.605 and -0.304, respectively, with HC3 p-values of 0.413 and 0.382. The model
is not jointly significant, F(2, 7) = 0.83, p = 0.473, despite an R? of 0.541. Leave-one-out diagnostics preserve both
coefficient directions, although the estimated magnitudes remain sample-sensitive. The maize sulfuric-acid treatment
is particularly influential because it combines relatively high yield with high production costs and comparatively
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weak economic performance; it is retained as a substantively valid treatment observation rather than treated as a
data error. These models provide no causal, structural, predictive, or digital-technology-related evidence.

Regional Adoption, Climate Stress, and Digital-Irrigation Readiness

The adoption of water-saving irrigation technologies is spatially uneven across Kazakhstan and among the
three study regions. At the national level, Pavlodar ranks first in terms of the area equipped with irrigation tech-
nologies - 77.383 thousand hectares, then Zhambyl (57.233 thousand ha) and Turkestan (36.700 thousand ha).
Kyzylorda has the smallest area of equipped lands - 1.219 thousand ha. Regarding the technological composition,
79.56% of the area of equipped lands in Turkestan is under drip irrigation (29.200 out of 36.700 thousand ha),
68.31% in Zhambyl (39.096 out of 57.233 thousand ha), and 61.28% in Kyzylorda (0.747 out of 1.219 thousand
ha). As specified in Research Methods, the area equipped with drip and sprinkler irrigation cannot be interpreted
as direct evidence of digitalization. Instead, it is used as an observable readiness proxy because pressurized and
more closely controlled irrigation systems may be comparatively compatible with sensor-based monitoring and
software-supported scheduling. Conversely, very low observed adoption, as in Kyzylorda, may reflect limited imple-
mentation capacity, historical adoption patterns, or other infrastructure, financial, and institutional constraints
rather than low technological need. This situation is consistent with the empirical literature on the heterogeneity
of adoption determinants in different situations (Pronti et al., 2024) and social science literature on digital divides
and governance constraints as factors conditioning the adoption process (Klerkx et al., 2019; Klerkx & Rose, 2020).
In general, agriculture is one of the sectors least digitized in Kazakhstan (Shalbolova et al,, 2025).

Climate stress is multidimensional and cannot be represented by temperature alone. The aggregated station-
year data show that Turkestan recorded the highest mean temperature (12.57°C) and the highest annual precipitation
(398.90 mm), with a mean relative humidity of 55.11%. Kyzylorda recorded the lowest precipitation (114.63 mm)
and relative humidity (53.96%), with a mean temperature of 10.80°C. Zhambyl occupied an intermediate position
in precipitation (269.26 mm) and temperature (10.93°C), while recording the highest relative humidity (56.32%).
No single climate variable therefore ranks the three regions consistently, providing the rationale for combining
temperature, precipitation, and relative humidity in the composite relative climate-stress indicator.

Monitoring-based land-suitability estimates add a further dimension to regional prioritization. Turkestan
contains approximately 112,094.5 ha of suitable land, compared with 23,564.2 ha in Zhambyl and 17,877.5 ha in
Kyzylorda. These estimates indicate the potential spatial scale over which irrigation-management interventions
could be relevant rather than automatic technical or investment feasibility. Considered jointly, the adoption, climate,
and land-suitability evidence shows that no single indicator is sufficient to determine digital-irrigation priority: the
regions differ simultaneously in relative pressure, technological gaps, observable implementation readiness, and
potential intervention scale. This provides the empirical rationale for the joint need-readiness framework applied
below.

DIMPI Results, Sensitivity, and Screening Implications

The central composite result is that Turkestan ranks first under all three prespecified weighting specifica-
tions reported in Table 4.

Table 4 - Regional Components, Scores, and Sensitivity Results of the Digital Irrigation Management
Priority Index
Panel A. Normalized need and readiness components

Region Climate Adoption Suit- Need Existing Drip-irriga- Readiness
stress gap able-land Index WST scale | tion readiness | Index
potential
Turkestan 0.504 0.367 1.000 0.624 0.633 1.000 0.817
Kyzylorda 0.667 1.000 0.000 0.556 0.000 0.000 0.000
Zhambyl 0.177 0.000 0.060 0.079 1.000 0.385 0.692
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Panel B. DIMPI scores and sensitivity rankings

Region DIMPI Rank DIMPI 50/50 | Rank DIMPI 70/30 | Rank
60/40

Turkestan 0.701 1 0.720 1 0.682 1

Kyzylorda 0.333 2 0.278 3 0.389 2

Zhambyl 0.324 3 0.386 2 0.263

Note. Components are min-max normalized to [0,1] within the three-region sample. The baseline DIMPI
combines Need and Readiness at 60/40; 50/50 and 70/30 are sensitivity specifications. Because Adoption Gap
=1 — WST Scale, the two terms offset in the baseline. Rankings are relative rather than universal. WST denotes
water-saving irrigation technologies. Source: Authors’ calculations using the regional secondary data described in
Research methods; climate observations cover 2000-2021.

Under the baseline 60/40 formulation, Turkestan scores 0.701, followed by Kyzylorda (0.333) and Zham-
byl (0.324). Because the adoption-gap and existing-WST-scale components are inverse transformations with equal
effective weights, they offset in the baseline; rank variation therefore reflects climate stress, suitable-land potential,
and drip-irrigation readiness. Turkestan remains first under both alternative specifications. Kyzylorda and Zham-
byl exchange second and third place because the 50/50 specification gives a positive net contribution to existing
WST scale and therefore favors Zhambyl, whereas the 70/30 specification gives a positive net contribution to the
adoption gap and therefore favors Kyzylorda.

Figure 1 visualizes the underlying configurations in need-readiness space, with the Readiness Index on the
horizontal axis and the Need Index on the vertical axis.

Figure 1- Need-Readiness Positioning of the Study Regions
Note: Axes represent sample-relative Need and Readiness indices normalized to [0,1]; the positions are not
formal high/low classifications. Source: Authors’ visualization based on Table 4.

Within the three-region comparison set, Turkestan records the highest Need and Readiness scores; Kyzylorda
combines the second-highest Need score with the lowest Readiness score; and Zhambyl combines the second-highest
Readiness score with the lowest Need score. As there are no established theoretical boundaries in this case, these
patterns have been interpreted as relative positioning rather than as quadrants. Figure 1 illustrates why similar
composite scores can imply substantially different next-stage appraisal priorities: Kyzylorda (0.333) and Zhambyl
(0.324) have similar baseline DIMPI scores but occupy contrasting positions in need-readiness space.

Accordingly, these regional profiles are interpreted as screening implications rather than direct implemen-
tation recommendations. Within the three-region comparison set, Turkestan emerges as the strongest candidate for
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detailed digital-irrigation feasibility appraisal and, subject to project-level engineering, financial, institutional, and
stakeholder assessment, potential pilot design. Kyzylorda's profile points first to a need for more detailed readiness
diagnostics because its normalized readiness value reflects its relative position within the three-region sample rather
than an absolute absence of implementation capacity. Zhambyl’s comparatively stronger observable readiness and
lower relative need suggest that incremental demonstration, interoperability testing, or scaling from the existing
technological base may warrant assessment. These interpretations identify different next-stage appraisal pathways;
they do not establish that any specific digital-irrigation investment should be implemented.

DIMPI therefore functions as a preliminary screening tool rather than a substitute for a project-level tech-
no-economic feasibility study. Any investment or implementation decision would require additional evidence on
digital-infrastructure costs, connectivity, sensors and software, human capital, institutional arrangements, water
tariffs, financing conditions, expected economic returns, and site-specific engineering feasibility.

Several limitations bound these conclusions. DIMPI covers only three regions, and min-max normalized
values depend on the comparison set, so the index is relative rather than absolute. Readiness is measured through
proxy indicators, while broadband connectivity, digital skills, financing access, sensor penetration, data interoper-
ability, and institutional quality are not measured directly. The index does not estimate causal effects and does not
predict project-specific rates of return. The rankings are therefore decision-support results, consistent with trans-
parent composite-indicator practice (OECD & Joint Research Centre of the European Commission, 2008), rather
than universal administrative classifications.

Conclusion

This study developed a transparent, multi-level decision-support framework for the preliminary regional
prioritization of digital irrigation management in Southern Kazakhstan. The framework deliberately separates
contextual field- and treatment-level evidence from the regional indicators that determine DIMP]I, thereby avoiding
causal attribution of agronomic, economic, or water-use outcomes to digital technologies in the absence of direct
digital-adoption data.

In the source-reported 2023 grain-maize trial at OPU-1 Besagash, seasonal total water consumption differed
descriptively by 714 m3/ha between discrete and drip irrigation, while the corresponding difference in irrigation
norm was 640 m3/ha. These values represent a descriptive field-level comparison rather than a statistically estimated
treatment effect or evidence of equivalent basin-level conservation. The separate soil-reclamation treatment block
showed that higher agronomic performance does not necessarily imply higher economic efficiency; it is therefore
interpreted only as contextual economic evidence and does not enter regional prioritization.

Under the baseline DIMPI specification, Turkestan ranked first (0.701), followed by Kyzylorda (0.333) and
Zhambyl (0.324). Turkestan remained first across all prespecified weighting scenarios, whereas the ordering of
Kyzylorda and Zhambyl changed with the relative emphasis placed on need and readiness. DIMPI should therefore
be interpreted as a sample-relative screening instrument for identifying where more detailed digital-irrigation
appraisal may be warranted, not as a causal model, universal ranking, or substitute for project-level techno-eco-
nomic feasibility analysis. Future research should incorporate direct digital-readiness measures, farm-level panel
evidence, treatment-specific water-use data, broader regional coverage, and project-level investment appraisal.
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B.A. Kaup*, E.C. OckeH6aeB
Hapxo3 yHusepcumemi, Aamamol, Kazakcmax

OnTycTrik KazakcraHgarsl M PIIbIK cyapyAbl 6acKapyAbIH,
OHipJIiK 6aCchIMABIKTAPbIH alKbIHAAY: IELIiM KaOblIAayAbl KOJ1Jay/bIH KeNAeHreli xxyeci

Anpaarna. Makcamst: Ka3zakCTaHHBIH OHTYCTIriHZer CyapMaJibl eTiHILIIK CYy peCypCTapbIHbIH TalllbLIbIFbI,
KJIMMATThIK ToyeKeJIZiep XKaHe Cy YHeM/Iey Cyapy TeXHOJIOTUsLJIapbIHbIH OipKeJiKi eHri3iiMeyi xxaFjalibiHAa JaMya.
By unpJibIK MppUTALUSIBIK 6aCKapyAbIH 6HIpJIiK 6achIMABIKTAPbIH alKbIH 9pi Heri3/[i 6e/risey KaXKeTTiJliriH
TYbIHAATA/bI.

3epmmey adicmepi: 3epTTeye Typkictas, Kpi3bliopaa xkaHe ’KaMObL1 06/1bICTapblHA apHAJIFaH KellZieHreili,
cebern-canapJiblK 6alIaHbICTAPAbI 6aFajiayFa OaFbITTAJIMaFaH MIelM KaobL1ay bl KOJIAay Xykeci a3ipyeH .
YCBIHBLIFAH XKYie 6ip-6ipiHeH aHAJTUTUKAJBIK TYPFbIAAH aXKbIpaTbLJIFaH YIII JIaJ1eJJIeMeJTiK OJIOKTHI OipiKTipei:
ericTik ydyackesnepi geHrelinzaeri cy 6a1aHChIHbIH CUMIATTaMaJIbIK, CaJIbICTbIPMAChI; Cyapy TEXHOJIOTHSIaphl
JeHreliHeri KOHTEKCTiK 9KOHOMUKAJIbIK JlepEKTEP; TEXHOJIOTUSIAapAbl €HTi3y, CaJbICTbIpMaJibl KJIMMATThIK,
KYKTeMe, KepAiH *KapaM/IbLJIbIFbI XKoHe iCKe acbIpyFa 6aiiKaaThIH JalbIH/bIK GOMBIHIIA 6HIPJIiK KepceTKiTep.

Hamuosicenep: AnFaukpl eki 6J10K KOHTEKCTIK JiaJ/1es1ZieMetik 6a3a peTiHje naijanadbuibli, GudpaaHibipy
JleHreHriH eeMein/i >koHe KOMIIO3UTTIK HH/IEKCTiH KypaMblHa eHri3inMeiai. ludpybik mppuranusibik 6acKapyablH
6acbiMabik nHekciHe (DIMPI) Tek eHipJik kepceTkimTep 6ipikTipingi. bBacrankpl lepekkes/ie KeJTipiareH A9HAIK
)yrepi ecipy TexxipubeciHiH HoTHXKesiepi 60MbIHIIA MAYCbIMABIK, )KUBIHTBIK, CYy TYThIHY TaMUIbLIATBIN Cyapy
kesinge 3 282 M3/ra, an auckpeTTi cyapy kesinge 3 996 m3/ra 60161 KepceTkiltep apacblHAAFbI cCUNIATTaMabIK,
albipMaibIbIK 17,87%-1b1 Kypa/ibl.
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Kopwvimuindvinap: DIMPI kepceTkilTepin eseyain aniblH ana 6erieHreH 6apJblK clieHapuiliepiHje
TypxkicTan 061bIch! 6ipiHITi OpbIHFa He 60176l al Kpi3bliopaa xxaHe XKaM6b11 061bICTapbl TEXHOIOTUSIJIAP/bl EHTi3Y
KaXXeTTi/iri MeH oJ1apZibl icKe acblpyFa JalbIHABIKTBIH 9pTYpJli apaKaTbIHACBIH KOPCETTi. AJILIHFaH HOTHXKeJlep
DIMPI-ai uudp/blK MppUralUsiHbl €HTi3YAiH OPbIH/bLIBIFBIHA HEFYPJIBIM erKel-TerKelli 6aranay Kyprisy KaxeT
60J1ybl MYMKiH ayMaKTap/bl aHbIKTANThIH a/l/ibIH aJIa ipiKTey KypaJibl peTiH/ie KoJIJaHyFa MYMKiH/ik 6epeai. Anaiza
OyJ1 UHAEKCTI [UdpIaHABIPY dCepiHiH HeMece XKeKeJlereH obaJsap AeHrerlinaeri MHBECTULHSAIBIK KipiCTiTIKTIH
6aFachl peTiH/e KapacTbIpyFa 60/IManlabl.

Ty#iH ce3aep: uudpablK cyapyabl 6acKapy, eHipIiK 6acbIMABIKTApAbl aHKbIH/AY, LIENIM KabbLI1ayAbl
KoJ1Aay yHeci, Cy YHEMJIeHTiH cyapy TeXHOJIOTHUAJIAPHI, eHTi3yTe AalbIH/bIK, KOMIO3UTTIK UHAeKC, OHTYCTIK
KazakcTan

B.A. Kaup#*, E. C. OckeHGaeB
Yuusepcumem Hapxo3, Aamamul, Kazaxcmau

PernoHa/ibHOe onpeje/jieHMe NPUOPUTETOB LU POBOro ynpaBjaeHus: OpolIeHUeM
B I0>xHOM Ka3zaxcTraHe: MHOroypoBHeBasi CUCTeMa NOAAEPKKH NPUHATHSA PelleHUui

AHHoTaums. [Jeas: OpoiiaeMoe 3emiefenue K)xHoro KazaxcraHa craskuBaeTcs ¢ JepULIIUTOM BOAHBIX
pPecypcoB, KINMaTHYeCKUMH PUCKAaMU Y HEpaBHOMEPHBIM BHe/IpEHHEM BOJJ0COeperaoliux TeEXHOJIO0T I OpOoLIeHuS,
YTO 06YC/IOBJIMBAET HEOOGXOAUMOCTD MPO3PAYHOTO ONpeiesIeHUs PETMOHATbHBIX IPUOPUTETOB IIUGPOBOTO
yIpaBJieHUs UppUranuei.

Memodbwi: B ucciiegoBaHuM pa3paboTaHa MHOTOYPOBHEBAsl HeKay3aJbHasi CUCTeMa MOALEePHKKY IPUHATHUS
pemenuii s TypkectaHckoH, Kbi3piopauHckoit u XKamObLickol obsacted. [Ipeayiaraemas cuctreMa o6'beJUHSIET
TPHU aHATUTHUYECKU 060C00IeHHBIX 6JI0KA JOKAa3aTeJbHOUM 6a3bl: onucaTe/IbHOE CpPaBHEHUE BOJHOI0 OajlaHca Ha
YPOBHE MOJIEBBIX YYAaCTKOB; KOHTEKCTHbIE 3KOHOMUYECKHUE JJaHHbIE HAa YPOBHE OT/Ie/IbHBIX TEXHOJIOT I OPOILEHHS;
pervuoHasbHble I0Ka3aTeJu BHeJpeHUsI TeXHOJIOTUH, OTHOCUTENbHON KJIUMaTUYeCKON Harpy3KH, IpUrogHOCTH
3eMeJib U HabJ110/jJaeMOi TOTOBHOCTH K peajiM3aliii COOTBETCTBYIOIIUX MEPONIPUATHM.

Pezysaomambuli: [lepBble ABa 6JI0KA UCIOJB3YIOTCA B KAYeCTBE KOHTEKCTHOH JIOKa3aTeJIbHOU 6a3bl, He
XapaKTepHU3yIOT ypOBeHb IUPPOBU3ANNHU U He BKJIIOYAOTCS B COCTaB CBOJHOTO MH/eKca. B UHAekc npuopuTeTHOCTH
uudpoBoro ynpanieHus uppuranueit (DIMPI) unTerprpoBaHbl TOJBKO peruoHalbHble oKaszaTead. CorjiacHo
MCXO/IHBIM JJaHHBIM [I0JIEBOTO OTIBITA 110 BhIPAIMBAaHMIO 36pPHOBOH KYKYPY3bl, CYMMapHO€e CE30HHOE BOJIONOTPeOIeHHE
coctaBuso 3 282 M3/ra npu KamnejbHOM OpoIleHHH U 3 996 M3 /ra npu AMCKPeTHOM opolleHuH. OnucaTe/bHas
pasHULla MeX/1y oKasaTeasiMu coctaBuia 17,87%.

Bobigodul: Bo Bcex npeBapUTebHO YCTAaHOBJIEHHBIX clieHapHusx B3BemnBaHus DIMPI TypkecraHckas
00J1aCTh 3aHsJIA TepBOe MecTo, TOTAa Kak Kei3biopauHckas 1 XKaM6blickasi 06J1acTH MPOJeMOHCTPUPOBAJIH
pasJ/IMYHble COOTHOUIEHUSI MEXAY NOTPEOHOCTHI0 BO BHEPEHUN TEXHOJIOTHUM U FTOTOBHOCTBIO K UX peahu3alyH.
Pe3ysibTaThl NOATBEPKAAIOT BO3MOXKHOCTB McMoib30BaHUsa DIMPI B kauecTBe HHCTpyMeHTa Npe/BapUTENbHOTO
oT6Opa TEPPUTOPHUH, [IJIsT KOTOPBIX 1[e1eCO000Pa3HO MPOBeJeHre boJiee JleTaTbHON OLleHKH peaju3yeMOCTH
uudpoBoi uppuranuu. [Ipu 3ToM UHJEKC He C1elyeT pacCMaTPUBATh KakK OlleHKY 3¢ deKToB udpoBU3aALUU UIU
JIOXOTHOCTY UHBECTULMH Ha YPOBHE OT/e/IbHBIX POEKTOB.

KiroueBble ci0Ba: [1dpoOBOE yIIpaBJeHHEe OPOIIEHUEM, peTHOHAIBHOE ONpe/ieieHre TPUOPUTETOB,
cucTeMa NoJJiep>KKU NPUHSTUS pellleHUuH, BoJlocOoeperarliye TeEXHOJIOTUU OPOLIeHUs], FTOTOBHOCTb K BHE/IPEHUIO,
cBoAHbIN nHAeKC, HOxHbIM Kazaxcran

References

1. Abdullaey, L., Kazbekov, ]., Manthritilake, H., & Jumaboev, K. (2010). Water user groups in Central Asia:
Emerging form of collective action in irrigation water management. Water Resources Management, 2010(24:5),
1029-1043. https://doi.org/10.1007 /s11269-009-9484-4 [in English].

AH. Tymnaes atsinaarst Eypasus yarteik yausepcutetinig XABAPIIBICHL. No3 e 2026 91
DKOHOMMKA CEPVISICBI
ISSN: 2789-4320. eISSN: 2789-4339


https://doi.org/10.1007/s11269-009-9484-4

2. Abioye, E. A, Abidin, M. S. Z, Mahmud, M. S. A, Buyamin, S., Ishak, M. H. I,, Abd Rahman, M. K. I,, Otuoze, A.
0., Onotu, P, & Ramli, M. S. A. (2020). A review on monitoring and advanced control strategies for precision irrigation.
Computers and Electronics in Agriculture, 2020(173), Article 105441. https://doi.org/10.1016/j.compag.2020.105441
[in English].

3. Al-Taanij, A, Al-Husban, Y,, & Farhan, I. (2021). Land suitability evaluation for agricultural use using GIS
and remote sensing techniques: The case study of Ma’an Governorate, Jordan. The Egyptian Journal of Remote Sensing
and Space Science, 2021(24:1),109-117. https://doi.org/10.1016/j.ejrs.2020.01.001 [in English].

4. Amirova, I, Petrick, M., & Djanibekov, N. (2019). Long- and short-term determinants of water user coop-
eration: Experimental evidence from Central Asia. World Development, 2019(113), 10-25. https://doi.org/10.1016/].
worlddev.2018.08.014 [in English].

5. Ayana, D., Zhaparkulova, Y., Issakov, Y., Mirdadayev, M., Aldiyarova, A., Kaipbayev, Y., Kalmashova, A,
Zhoya, K., Zhuy, K., & David, L. D. (2024). The possibility of using groundwater and collector-drainage water to increase
water availability in the Maktaaral district of the Turkestan region of Kazakhstan. Agricultural Water Management,
2024(301), Article 108934. https://doi.org/10.1016/j.agwat.2024.108934 [in English].

6. Barrett, T, Feola, G., Khusnitdinova, M., & Krylova, V. (2017). Adapting agricultural water use to climate
change in a post-Soviet context: Challenges and opportunities in Southeast Kazakhstan. Human Ecology, 2017(45:6),
747-762. https://doi.org/10.1007/s10745-017-9947-9 [in English].

7. Bwambale, E., Abagale, F. K., & Anornu, G. K. (2022). Smart irrigation monitoring and control strategies
for improving water use efficiency in precision agriculture: A review. Agricultural Water Management, 2022(260),
Article 107324. https://doi.org/10.1016/j.agwat.2021.107324 [in English].

8. Foley, D. ], Thenkabail, P. S., Aneece, 1. P, Teluguntla, P. G., & Oliphant, A. ]. (2020). A meta-analysis of
global crop water productivity of three leading world crops (wheat, corn, and rice) in the irrigated areas over three
decades. International Journal of Digital Earth, 2020(13:9), 939-975. https://doi.org/10.1080/17538947.2019.1
651912 [in English].

9. Grafton, R. Q., Williams, ]., Perry, C. ], Molle, F, Ringler, C., Steduto, P,, Udall, B.,, Wheeler, S. A.,, Wang, Y.,
Garrick, D., & Allen, R. G. (2018). The paradox of irrigation efficiency. Science, 2018(361:6404), 748-750. https://
doi.org/10.1126/science.aat9314 [in English].

10. Islyami, A., Aldashev, A.,, Thomas, T. S., & Dunston, S. (2020). Impact of climate change on agriculture
in Kazakhstan. Silk Road: A Journal of Eurasian Development, 2020(2:1), 66-88. https://doi.org/10.16997 /srjed.19
[in English].

11. Karatayev, M., Kapsalyamova, Z., Spankulova, L., Skakova, A., Movkebayeva, G., & Kongyrbay, A. (2017).
Priorities and challenges for a sustainable management of water resources in Kazakhstan. Sustainability of Water
Quality and Ecology, 2017(9-10), 115-135. https://doi.org/10.1016/j.swaqe.2017.09.002 [in English].

12. Kazakh Research Institute of Water Management. (2023). Tekhnologii i tekhnicheskie sredstva orosheniya
pri vvode novykh zemel’ orosheniya, rekonstruktsii i modernizatsii sushchestvuyushchikh orositel’nykh sistem [Tech-
nologies and technical means of irrigation for introducing new irrigated lands and reconstructing and modernizing
existing irrigation systems] (Final research report, Registration No. 0121RK00747) [in Russian].

13. Klerkx, L., Jakku, E., & Labarthe, P. (2019). A review of social science on digital agriculture, smart farming
and Agriculture 4.0: New contributions and a future research agenda. NJAS: Wageningen Journal of Life Sciences,
2019(90-91), Article 100315. https://doi.org/10.1016/j.njas.2019.100315 [in English].

14. Klerkx, L., & Rose, D. (2020). Dealing with the game-changing technologies of Agriculture 4.0: How do
we manage diversity and responsibility in food system transition pathways? Global Food Security, 2020(24), Article
100347. https://doi.org/10.1016/j.gfs.2019.100347 [in English].

15. LaFevor, M. C,, Frake, A. N., & Couturier, S. (2021). Targeting irrigation expansion to address sustain-
able development objectives: A regional farm typology approach. Water, 2021(13:17), Article 2393. https://doi.
org/10.3390/w13172393 [in English].

16. Luo, B, Zhang, F, Liu, X,, Pan, Q., Guo, P,, & Rodriguez Caballero, E. (2021). Managing agricultural water
considering water allocation priority based on remote sensing data. Remote Sensing, 2021(13:8), Article 1536.
https://doi.org/10.3390/rs13081536 [in English].

92 No3 e 2026 A.H. Tymuaes atsinaarst Eypasus yatreik yausepcuretiniag XABAPIIBICHL.
DKOHOMMKA CEPVISICBI
ISSN: 2789-4320. eISSN: 2789-4339


https://doi.org/10.1016/j.compag.2020.105441
https://doi.org/10.1016/j.ejrs.2020.01.001
https://doi.org/10.1016/j.worlddev.2018.08.014
https://doi.org/10.1016/j.worlddev.2018.08.014
https://doi.org/10.1016/j.agwat.2024.108934
https://doi.org/10.1007/s10745-017-9947-9
https://doi.org/10.1016/j.agwat.2021.107324
https://doi.org/10.1080/17538947.2019.1651912
https://doi.org/10.1080/17538947.2019.1651912
https://doi.org/10.1126/science.aat9314
https://doi.org/10.1126/science.aat9314
https://doi.org/10.16997/srjed.19
https://doi.org/10.1016/j.swaqe.2017.09.002
https://doi.org/10.1016/j.njas.2019.100315
https://doi.org/10.1016/j.gfs.2019.100347
https://doi.org/10.3390/w13172393
https://doi.org/10.3390/w13172393
https://doi.org/10.3390/rs13081536

17. Molden, D., Oweis, T, Steduto, P,, Bindraban, P, Hanjra, M. A., & Kijne, ]. (2010). Improving agricultural
water productivity: Between optimism and caution. Agricultural Water Management, 2010(97:4), 528-535. https://
doi.org/10.1016/j.agwat.2009.03.023 [in English].

18. OECD, & Joint Research Centre of the European Commission. (2008). Handbook on constructing composite
indicators: Methodology and user guide. OECD Publishing. https://doi.org/10.1787/9789264043466-en [in English].

19. Pérez-Blanco, C. D., Hrast-Essenfelder, A., & Perry, C. (2020). Irrigation technology and water conser-
vation: A review of the theory and evidence. Review of Environmental Economics and Policy, 2020(14:2), 216-239.
https://doi.org/10.1093 /reep/reaa004 [in English].

20. Perry, C., & Steduto, P. (2017). Does improved irrigation technology save water? A review of the evidence.
Food and Agriculture Organization of the United Nations. https://openknowledge.fao.org/handle/20.500.14283/
i7090en [in English].

21. Pronti, A., Auci, S., & Berbel, J. (2024). Water conservation and saving technologies for irrigation: A struc-
tured literature review of econometric studies on the determinants of adoption. Agricultural Water Management,
2024(299), Article 108838. https://doi.org/10.1016/j.agwat.2024.108838 [in English].

22. Shalbolova, U., Smagulova, Zh., & Rakhmetova, R. (2025). On the issue of digitalization of agriculture
in comparison with other sectors of the economy of Kazakhstan. Economic Series of the Bulletin of L. N. Gumilyov
Eurasian National University, 2025(4), 8-29. https://doi.org/10.32523/2789-4320-2025-4-8-29 [in English].

23. Ward, F. A,, & Pulido-Velazquez, M. (2008). Water conservation in irrigation can increase water use. Proceed-
ings of the National Academy of Sciences, 2008(105:47), 18215-18220. https://doi.org/10.1073 /pnas.0805554105
[in English].

24. World Bank. (2024). Kazakhstan—Climate adaptation options and opportunities in the agriculture
sector. World Bank Group. https://documents.worldbank.org/en/publication/documents-reports/documentde-
tail/099060424004022607 [in English].

25. Xenarios, S., Gafurov, A., Schmidt-Vogt, D., Sehring, J., Manandhar, S., Hergarten, C., Shigaeva, ]., & Foggin,
M. (2019). Climate change and adaptation of mountain societies in Central Asia: Uncertainties, knowledge gaps,
and data constraints. Regional Environmental Change, 2019(19:5), 1339-1352. https://doi.org/10.1007/s10113-
018-1384-9 [in English].

26. Xu, H., & Song, |J. (2022). Drivers of the irrigation water rebound effect: A case study of Hetao irriga-
tion district in Yellow River basin, China. Agricultural Water Management, 2022(266), Article 107567. https://doi.
org/10.1016/j.agwat.2022.107567 [in English].

Information about the authors:

Kawup B. A. - aBTODp /17151 KOppecnoHAeHIUH, 6akanaBp (BA), JokTopaHT 06pa3oBaTeJbHON IPOrPaMMbl
«IKOHOMUKa», YHUBepcuTeT Hapxos, yi1. JKaHgocoBa, 55, 050000, AnmaTsl, Pecnybsinika Kasaxcran

OckeHno6aes E. C. - nokTop PhD B 06/1acTH 3KOHOMUKH, aCCOLIMMPOBAHHBIN Tpodeccop, YHUBEPCUTET
Hapxo3, ys1. }KanpgocoBa, 55, 050000, AnmaTsl, Pecny6sinka Kazaxcran

Kair B. A. - corresponding author, Bachelor of Arts (BA), PhD student in the Economics educational
programme, Narxoz University, 55 Zhandosov Street, 050000, Almaty, Republic of Kazakhstan

Oskenbayev Ye. S. — PhD in Economics, Associate Professor, Narxoz University, 55 Zhandosov Street,
050000, Almaty, Republic of Kazakhstan

Kawup B. A. - xaT-xabap aBTopbl, 6akanaBp (BA), Hapxo3 yHuBepcuTeTiHiH «JKOHOMHUKa» 6isiM 6epy
6argapsiamacbiabiH, PhD nokropanTsl, XKaHgocoB kemeci, 55, 050000, Anmatsl, Kasakcran Pecriy6sinkachl

Ockeno6aes E. C. - sxoHOMUKa canacbiHgaFbl PhD gokTopbl, Hapxo3 yHUBEpCUTETiHIH KaybIM/AACThIPbLIFAH
npodeccopsl, XKangocos kemeci, 55, 050000, AnmaTsl, Kazakctan Pecny6yinkacel

Copyright: © 2026 by the authors. Submitted for possible open access publication under the terms and
conditions of the Creative Commons Attribution (CC BY NC) license (https://creativecommons.org/licenses/by-nc/4.

AH. Tymnaes atsinaarst Eypasus yarteik yausepcutetinig XABAPIIBICHL. No3 e 2026 93
DKOHOMMKA CEPVISICBI
ISSN: 2789-4320. eISSN: 2789-4339


https://doi.org/10.1016/j.agwat.2009.03.023
https://doi.org/10.1016/j.agwat.2009.03.023
https://doi.org/10.1787/9789264043466-en
https://doi.org/10.1093/reep/reaa004
https://openknowledge.fao.org/handle/20.500.14283/i7090en
https://openknowledge.fao.org/handle/20.500.14283/i7090en
https://doi.org/10.1016/j.agwat.2024.108838
https://doi.org/10.32523/2789-4320-2025-4-8-29
https://doi.org/10.1073/pnas.0805554105
https://documents.worldbank.org/en/publication/documents-reports/documentdetail/099060424004022607
https://documents.worldbank.org/en/publication/documents-reports/documentdetail/099060424004022607
https://doi.org/10.1007/s10113-018-1384-9
https://doi.org/10.1007/s10113-018-1384-9
https://doi.org/10.1016/j.agwat.2022.107567
https://doi.org/10.1016/j.agwat.2022.107567

	_Hlk224564488

	Кнопка 64: 
	Кнопка 65: 


