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A B S T R A C T

This study assesses the impacts of climate change on maize water requirements and yields in south-eastern 
Kazakhstan, a semi-arid region dependent on meltwater from the Tien Shan Mountains for irrigation. The re
gion is experiencing significant warming, projected to continue, leading to cryosphere degradation and reduced 
meltwater availability. Using field data collected between 2016 and 2019, two crop–water models (AquaCrop 
and SALTMED) were calibrated and validated to simulate maize growth, water demand, and yield at a farm 
located in the Tien Shan foothills under future climate scenarios. Simulations were driven by downscaled and 
bias-corrected outputs from four Global Circulation Models under Representative Concentration Pathways (RCP) 
4.5 and 8.5 for 2020–2049, 2040–2069, and 2070–2099. Results show that continued warming will shorten the 
maize growing season by 36–38 days (RCP4.5) and 42–45 days (RCP8.5), reducing crop water requirements by 
11–15% (AquaCrop) and 16–24% (SALTMED) by 2100 relative to the 1976–2005 baseline. AquaCrop projects a 
10–12% yield reduction by 2100, with statistically significant declines by mid-century under both scenarios. 
SALTMED projects a 7–8% reduction by 2100, with significance emerging in the late century under RCP4.5 and 
mid-century under RCP8.5. These changes are primarily driven by temperatures exceeding maize’s physiological 
optimum. The findings align with global evidence of accelerated phenology and reduced maize productivity 
under climate warming. Adopting efficient irrigation systems, adjusting sowing dates, and selecting shorter- 
maturing cultivars could help align water demand with peak rainfall and runoff, sustaining yields under 
declining meltwater availability.

1. Introduction

Climate change is affecting global food security through rising tem
peratures, shifting precipitation patterns, and more frequent extreme 
weather events (Mbow et al., 2019), with substantial changes in global 
crop yields projected as early as the 2040 s (Jägermeyr et al., 2021). In 
low-latitude regions (0–30◦), crop yields are expected to decline. Im
pacts in mid-latitude regions (30–60◦) are less certain, with the direction 
and magnitude of change depending on crop type, geographic location 
and agricultural practices, particularly the extent of irrigation use 
(Challinor et al., 2014; Ray et al., 2015; 2019; Liu et al., 2016).

Central Asia (CA) is a mid-latitude region characterized by extensive 

plains dominated by arid and semi-arid environments and bordered by 
the glacierized Tien Shan and Pamir mountains, where elevations reach 
up to 7,000 m a.s.l. The region comprises five developing countries with 
growing populations, where agriculture makes a significant contribution 
to national GDP and accounts for approximately 35% of regional 
employment (Saidaliyeva et al., 2024). Observed temperature increases 
in CA exceeded the global average during the 1881–2016 period 
(Groisman et al., 2017; Yao et al., 2022), while future projections esti
mate a warming of 2–6◦C by the end of the century, depending on the 
scenario and model used (Fallah et al., 2024). These trends, combined 
with the region’s strong dependence on meltwater from the mountain 
cryosphere, position CA as a climate-change impact hotspot (Groisman 
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et al., 2017; Vakulchuk et al., 2022).
Meltwater from mountain snowpack and glaciers contributes 

approximately 70 – 80% of total runoff in the region and therefore serves 
as a critical source of irrigation water (Viviroli and Weingartner, 2004; 
Murzakulova et al., 2019; Saidaliyeva et al., 2024). Extensive glacier 
shrinkage has been observed in the Tien Shan since the mid-20th century 
(Pieczonka, Bolch, 2015; Farinotti et al., 2015) and is projected to 
continue (Hock et al., 2019; Shannon et al., 2019). Peak flow is expected 
to pass by the 2040s–2050 s in the outer ranges of the Tien Shan (Hock 
et al., 2019; Shahgedanova et al., 2020), putting water provision at risk.

Kazakhstan, the largest country in CA, is among the world’s leading 
grain producers. Its extensive rain-fed wheat cultivation is concentrated 
in the northern regions and plays a crucial role in national food security 
and global grain exports (Schmitz and Meyers, 2015). The impacts of 
climate change on large-scale cereal production in northern Kazakhstan 
have been investigated (Lioubimtseva and Henebry, 2009; Fay et al., 
2010; Mirzabaev, 2013; Sommer et al., 2013; Bobojonov and 
Aw-Hassan, 2014; Eisfelder et al., 2014; Morgounov et al., 2014; 
Pavlova et al., 2014; Reyer et al., 2017). In contrast, climate change 
impacts on arable agriculture in south-eastern Kazakhstan (SEK) have 
received little attention. In SEK, small (< 30 ha) and medium (30 – 
90 ha) scale family and tenant farms dominate in the foothills of the 
glacierized Tien Shan mountains (Barrett et al., 2017). A variety of crops 
such as maize, soy, wheat, alfalfa, potatoes and various vegetables, are 
primarily grown on irrigated land, with produce marketed both 
regionally and across national borders. These farms contribute signifi
cantly to the regional economy but are particularly vulnerable to climate 
change due to low adaptive capacity. This vulnerability arises from 
limited financial resources, restricted access to technical expertise, and 
dependence on deteriorating irrigation infrastructure, which is often 
outside the farmers’ control (Barrett et al., 2017; Murzakulova et al., 
2019; FAO, 2025).

Crop water models provide an effective means for quantifying the 
impact of climate and agricultural practices on crop water use and yields 
(Keulen, 2013). Combined with observational climatic records and 
future climate projections, they can inform adaptation strategies that 
increase resilience to climate change (Harvey et al., 2018). However, 
crop models have not been widely applied in SEK and their use across CA 
has been limited (e.g., Kato et al., 2012; Akhtar et al., 2013; Sommer 
et al., 2013; Pavlova et al., 2014; Nizamov et al., 2023; Sherzod et al., 
2023) apart from global crop model intercomparison projects (e.g., 
Jägermeyr et al., 2021) largely due to a scarcity of climate, soil, and 
yield data.

Maize is a widely grown crop in SEK. It is a food staple or used as 
animal fodder. Rising temperatures and potential water shortages pose 
significant risks to maize productivity. In particular, maize pollen 
viability declines with prolonged exposure to temperatures above 32◦C 
and even short exposure to temperatures above 38◦C (Herrero and 
Johnson, 1980). Heat stress during critical stages such as anthesis and 
early grain filling can result in grain sterility, abortion, and accelerated 
senescence (Crafts-Brandner and Salvucci, 2002). A threshold of 35◦C is 
often used as an indicator of suboptimal conditions for maize growth 
(Hatfield and Prueger, 2015), and studies in north-eastern China have 
shown that projected yield declines were primarily driven by tempera
tures exceeding this threshold (Guo et al., 2017; Jiang et al., 2021). The 
negative effects of heat are amplified under conditions of high vapour 
pressure deficit (VPD), as pollen viability prior to silk reception is closely 
linked to pollen moisture content, which in turn is strongly influenced 
by VPD (Fonseca and Westgate, 2005). Maize’s sensitivity to heat ex
tremes is further exacerbated by its short flowering period of only 3–5 
days, meaning that a single extreme heat event can compromise all 
pollinating flowers (Hatfield and Prueger, 2015). Elevated night-time 
temperatures influence plant respiration rates, potentially reducing 
biomass accumulation and overall yield (Hatfield et al., 2011). Frost can 
also damage seedlings and cause establishment failure, and a reduction 
in frost days may provide some benefit (Dhillon et al., 1988).

Drought damages maize crops particularly if they occur during the 
flowering and grain-filling stages, with potential yield losses ranging 
from 40% to 90% (Çakir, 2004). Using satellite and field data, Lobell 
et al. (2011) showed that global maize yields declined by 5.5% due to 
temperature increases observed since the 1980s. Similarly, Lobell et al. 
(2014) found that the 2012 USA Midwest drought caused substantial 
yield losses, particularly among modern high-yielding maize varieties, 
which are more sensitive to drought stress.

This study aims to quantify the impacts of the observed climatic 
variability and future climate change on water requirements and yields 
of irrigated maize in SEK at farm scale. Specifically, it: 

(i) Simulates maize yields and crop water requirement (CWR) using 
AquaCrop and SALTMED crop–water models calibrated with the 
newly obtained, extensive climate, soil, and crop data;

(ii) Applies downscaled and bias-corrected climate projections from 
four General Circulation Models (GCM) under two Representative 
Concentration Pathways: RCP4.5 (moderate) and RCP8.5 (high);

(iii) Assesses the impacts of future climate change on maize 
phenology, water requirements, and yields, and their implica
tions for crop and irrigation management and adaptation.

As a C4 crop, maize has limited capacity to benefit from elevated 
atmospheric CO₂ (Kimball, 2016), so CO₂ fertilization effects are not 
considered in this study. While spring and summer phenological stages 
were well defined through field observations, autumn markers were less 
consistent due to variability in harvest timing, which is depended on the 
availability of combine harvesters and storage facilities. Therefore, the 
crop growth cycle (CGC) is defined here as the period between sowing 
and physiological maturity.

2. Materials and methods

2.1. Study area

The study was conducted in the foothills of the Ile Alatau range, part 
of the northern Tien Shan Mountains in south-eastern Kazakhstan 
(Fig. 1). A maize field (43.50 N, 76.95 E), located in the Karaoi district in 
the Ile Region of Almaty Oblast’ (region) near Almaty, the largest city of 
Kazakhstan with population just under 2 million, was used as an 
experimental site (Fig. 1). The field (16 ha) is part of a private farm. 
Experimental data were collected between 2016 and 2019.

The study region has a continental climate classified as semi-arid 
grassland steppe according to the Köppen-Geiger classification (Beck 
et al., 2018). Air temperature and precipitation exhibit strong seasonal 
variability (Fig. 2). Mean monthly air temperatures range from -10◦C in 
January to 25◦C in July. Precipitation peaks in April–May and reaches 
minimum in August. Mean total precipitation during June–July–August 
(JJA) was 81 mm for the 1961–2019 period. Maize evapotranspiration 
(ETc), estimated using the FAO Penman–Monteith equation (Allen et al., 
1998) with data from the Automatic Weather Station (AWS) (Fig. 1), 
was approximately 380 mm during JJA. This large gap between water 
demand and precipitation indicates that crop production in the region is 
highly dependent on irrigation.

River runoff, driven by snowmelt in May–June and glacier melt in 
July–August, peaks between May and August and provides essential 
irrigation water (Shahgedanova et al., 2018). In 2017, glaciers on the 
northern slope of the Ile Alatau covered a total area of 148 km², repre
senting a 48% reduction in area since 1956 (Kokarev et al., 2023). The 
Tuyuksu Glacier, a World Glacier Monitoring Service (WGMS) bench
mark glacier located within the study area, has shown a persistently 
negative cumulative mass balance, with an average loss of 0.40 m water 
equivalent per year over the 1958–2016 period (Kapitsa et al., 2020). 
These trends are projected to continue (Shannon et al., 2019; Shahge
danova et al., 2020).

Kastanozem soils are the dominant soil type in the region, followed 
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by Calcisols, Cambisols, Chernozems, and Luvisols (Sokolov et al., 2017; 
Poggio et al., 2021). The irrigated agricultural zone lies between 400 
and 800 m a.s.l., primarily on Kastanozem soils.

2.2. AquaCrop and SALTMED

AquaCrop (Raes et al., 2009; Steduto et al., 2009; Hsiao et al., 2009) 
and SALTMED (Ragab, 2002; 2015) models were used to quantify the 
maize CWR and yield. The data requirements of both models relate to 
climate, crop, soil and management (Table 1) and these were collected 
between 2016 and 2019.

CWR is the amount of water required to compensate for crop 
evapotranspiration (ETc) during plant growth and is equal to the 
reference crop evapotranspiration (ETo) multiplied by the crop coeffi
cient (Kc) for maize. Both AquaCrop and SALTMED have been used 
extensively to simulate CWR and irrigation requirements for single or 
multiple growing seasons and with a wide variety of crop types under 
different climate conditions (FAO, 2017; Ragab, 2002). The 
Penman-Monteith equation (Allen et al., 1998) is embedded in both the 
AquaCrop and SALTMED models to estimate ETo using air temperature, 
relative humidity, wind speed and sunshine hours (or solar radiation) 
data. Both models are ideally suited for simulating CWR and yields when 
water is the key factor limiting crop growth.

In SALTMED, stage-specific Kc values corresponding to the initial, 
development, mid-season, and late-season growth phases were input 
directly, based on the Food and Agriculture Organisation (FAO) guide
lines (Allen et al., 1998). The model interpolates these values to derive 

daily Kc values across the growing cycle from sowing to senescence. In 
contrast, AquaCrop internally calculated daily Kc values by applying a 
predefined maximum Kc and dynamically adjusting it according to crop 
development stages. Soil water retention was calculated by both models. 
For example, in SALTMED, the soil water content–water potential and 
the soil water potential–hydraulic conductivity relationships, required 
to solve the water and solute transport equations, were calculated using 
the Van Genuchten (1980) equation and a range of soil physical pa
rameters (Ragab, 2015). The SALTMED model has a nitrogen dynamics 
component and crop nitrogen uptake is one of the processes represented. 
Nitrogen availability is considered in the biomass production process.

2.3. Observational and modelled climate data

2.3.1. Observational climate data
Meteorological data were obtained from the Aksengir station, oper

ated by the Kazakhstan National Hydrometeorological Service, and from 
a Campbell Scientific AWS (Fig. 1). Aksengir, located approximately 
50 km west of the site at similar elevation and land cover, provided daily 
records from 1961 to 2019. The AWS was installed at the experimental 
site of the Kazakh National University AgroBio Centre, approximately 
3.5 km south-east of the experimental field, and provided hourly data on 
precipitation, air temperature, relative humidity (RH), wind speed, and 
the four components of radiation between 2016 and 2019. Due to 
missing AWS temperature data in 2016 and underestimation of winter 
precipitation from the unheated rain gauge, AquaCrop and SALTMED 
simulations used Aksengir data for temperature and precipitation, and 

Fig. 1. Location of the study area, experimental field, and weather stations. The grey box indicates the area for which climate projections were downscaled. The 
background is a Digital Elevation Model (DEM) derived from Shuttle Radar Topography Mission (SRTM) data. National borders and water bodies are from ESRI 
ArcGIS Hub. The satellite image of the experimental field shows land cover in July 2019 (Google Earth).
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AWS data for RH, wind speed, and radiation to calculate reference 
evapotranspiration (ETo). The long-term observations at Aksengir were 
used to contextualize recent climate conditions and to bias-correct 
climate model outputs.

2.3.2. Modelled climate data
NASA Earth Exchange Global Daily Downscaled Climate Projections 

(NEX-GDDP; Thrasher et al., 2012) were used as input to the crop 
models. The data were obtained from the NASA Center for Climate 
Simulation (https://www.nccs.nasa.gov/services/data-collections/la 
nd-based-products/nex-gddp). NEX-GDDP was selected over the COor
dinated Regional Climate Downscaling EXperiment (CORDEX; Giorgi 
et al., 2009) for two reasons. First, NEX-GDDP data are available at 0.25◦

(~25 km) spatial resolution, compared to 0.5◦ (~50 km) for CORDEX 
(Region 8: Central Asia). Second, NEX-GDDP has been shown to provide 
more reliable simulations than CORDEX in other parts of Asia (e.g., Bao 
and Wen, 2017; Jain et al., 2019).

Four climate models – BCC-CSM1.1 (Wu et al., 2014), MIROC5 
(Watanabe et al., 2010), MPI-ESM-LR (Giorgetta et al., 2013), and 
NorESM1-M (Bentsen et al., 2013) (Table S1) – were selected because 
they have demonstrated good performance with low bias relative to 
observational datasets in CA (Gu et al., 2015; Yu et al., 2018; Lin and 
Chen, 2020). Daily maximum and minimum temperatures, and precip
itation from the recent-past simulations (1976–2005) and future 

projections (2020–2099) were used for the RCP4.5, representing 
low-to-medium warming, and RCP8.5, representing strong warming, 
scenarios. The 1976–2005 period was chosen as the 30-year baseline, as 
CMIP5 future climate simulations begin in 2006. Changes relative to this 
baseline were calculated for three time slices (2020–2049, 2040–2069, 
and 2070–2099) with overlapping periods in the early and mid-20th 
century when data are most relevant to adaptation.

Downscaled data were extracted for the four grid points closest to the 
experimental field (Fig. 1). Mean daily temperature was calculated by 
averaging daily minimum and maximum temperatures. All grid points 
were located at approximately the same elevation as the field. Variables 
were averaged across the four points and the spatially averaged series 
were validated against the observed Aksengir data for the baseline 
period. Steep elevation gradients and complex topography reduce the 
ability of GCMs, regional climate models, and downscaled data sets to 
simulate temperature and especially precipitation accurately 
(Shahgedanova et al., 2020). Therefore, bias correction of climate model 
outputs using regional meteorological observations is essential. Bias 
correction was applied to both baseline and future projections using 
Empirical Quantile Mapping (EQM), one of the most widely used 
correction methods (Amengual et al., 2012; Fang et al., 2015; Reiter 
et al., 2016).

EQM corrects the frequency distributions of simulated data to match 
those of observed data in the baseline period, and subsequently in future 
projections (Teutschbein and Seibert, 2012). The method equates the 
cumulative distribution functions (CDFs) of observed (Fₒ,ₕ) and 
modelled (Fₘ,ₕ) data. A bias-corrected projected value, x̂m,p at time (t) 
within a projection period (p) period, was calculated following Cannon 
et al. (2015): 

x̂m,p(t) = F− 1
o,h{Fm,h[xm,p(t)]} (1) 

where the subscripts o and m denote observed and modelled data, and h 
and p indicate the historical and the projection periods, respectively.

Bias correction of the outputs from the selected individual climate 
models was performed using the R package Qmap (Gudmundsson, 
2016), specifically the fitQmapQUANT function (https://CRAN.R-pr 

Fig. 2. Monthly temperature and precipitation at Aksengir meteorological station (Fig. 1) in 2016–2019 in comparison with the 1961–2019 mean monthly values.

Table 1 
AquaCrop and SALTMED input data requirements.

Data type Time series and constants required

Climate Air temperature, incoming solar radiation, precipitation, wind speed, 
relative humidity

Crop Crop type, crop growth stages, crop coefficients (kc), root depth, 
plant density, plant height, and Leaf Area Index (LAI).

Soil Soil texture, field capacity, wilting point, soil depth, bulk density, 
and Soil Water Content (SWC).

Management Irrigation practices (method, quantity and salinity of water), 
fertilizer and pesticide application, tillage practices, crop rotation.
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oject.org/package=qmap). Model performance was evaluated using 
Taylor diagrams (Taylor, 2001), which quantify the correspondence 
between modelled and observed values using the Pearson correlation 
coefficient, Root Mean Square Error (RMSE), and standard deviation.

Bias-corrected simulations from individual climate models were used 
as inputs to the crop models. Ensemble means were then calculated for 
climate projections from the individual climate models, and for crop 
projections, from combinations of individual climate and crop models.

2.4. Crop data

Maize (Skif-619 variety) was cultivated annually from 2016 to 2019, 
with sowing typically occurring in early May and harvesting in late 
October (Table 2). Vegetative growth stages were determined in the 
field using the leaf-count method (Hanway, 1966) in 2019. The stages 
used in AquaCrop and SALTMED simulations were seed, VE, V4, V6, V8, 
V12, R1, and R5 (Fig. S1; Table S2). Here, ‘V’ and ‘R’ denote vegetative 
and reproductive stages, respectively, with the accompanying numbers 
indicating leaf count. Harvesting was carried out using a combine 
harvester, and yields were measured at a weighing station and adjusted 
for relative water content (RWC), resulting in an average annual dry 
yield of 8.35 t ha⁻¹ (Table 2).

To simulate crop performance, the crop growth cycle (CGC), defined 
as the period from sowing to physiological maturity, was calculated 
using thermal requirements expressed as Growing Degree Days (GDD). 
GDD values were derived for the emergence, initial, development, and 
middle-to-late growth stages (Table S3) from daily temperatures recor
ded at the Aksengir station, using a base temperature of 8◦C which is the 
minimum temperature for maize growth (Allen et al., 1998). Based on a 
stable 10-year sowing pattern reported by local farmers, the mean 
sowing date was set to 8 May. The GDD values for sowing and maturity 
were 190◦C and 1979◦C, respectively, corresponding to a mean maturity 
date of 20 October and a mean CGC of 165 days (Table 2). This 
GDD-based approach was applied to both baseline and future climate 
scenarios to ensure consistency in model simulations.

AquaCrop requires plant density and height as input parameters 
(Table 1). Although the model can calculate these parameters from seed 
weight and sowing rate, field measurements were preferred. Density was 
assessed in three 10 m² plots (Fig. 1) once 90% of plants had emerged. 
Rows were spaced at 0.7 m, and a 14.3 m sowing row was marked to 
define each plot. Plant counts were scaled to per-hectare values. Plant 
height was measured at multiple growth stages using a tape measure 
across three plants inside three 1 m² randomly selected subplots within 
each plot (Fig. S2), and the average was used in the model.

SALTMED uses leaf area index (LAI) and surface cover fraction (SC) 
to represent plant density (Table 1). Both LAI and plant height were 
measured at each growth stage (Table S4). In 2016 and 2017, LAI was 
measured using PocketLAI, a smartphone app (http://www.cassand 

ralab.com/mobiles/1). In 2019, following the app’s discontinuation, 
LAI was calculated manually using leaf length and width measurements 
(Wolf et al., 1972) in each of the three 10 m² plots at different growth 
stages (Table S4). Six plants per plot were sampled, and leaf area was 
estimated after Lazarov (1965): 

LAI = length × width × 0.75                                                         (2)

where 0.75 is a coefficient standard for maize. LAI was then derived by 
scaling leaf area to plant density and dividing by the ground area of one 
hectare.

In SALTMED, crop dry matter is calculated using solar radiation, crop 
photosynthetic efficiency, and stress factors related to water, tempera
ture and nitrogen levels with final yield calculated by applying a harvest 
index (Ragab, 2002). The optimal temperature range for net photosyn
thesis in maize is 28–37.5◦C beyond which significant inhibition occurs 
(Crafts-Brandner and Salvucci, 2002). Based on these physiological 
thresholds, temperature thresholds were set between 0◦C and 38◦C.

2.5. Soil data

In AquaCrop and SALTMED, up to five and four soil layers, respec
tively, can be specified, with each assigned separate physical charac
teristics and initial soil moisture content. To characterise soil 
physicochemical properties (Table S5), samples were collected at the 
sowing stage of the 2019 growing season from three soil pits excavated 
to a depth of 100 cm. Samples were taken from five depth intervals 
(0–20, 20–40, 40–60, 60–80, and 80–100 cm). For model simulations, 
data from the 0–20, 20–40, and 40–60 cm layers were used (see Section 
2.7).

Soil texture, defined by the proportions of sand, silt, and clay, was 
analysed using laser diffraction (Ryzak and Bieganowski, 2011) with a 
Mastersizer-v3.62 instrument (Malvern Instruments, Malvern, UK) at 
the University of Reading. Bulk density was determined by extracting 
samples of known volume with a core sampler and oven-drying them at 
105◦C for 24 h at the Institute of Geography and Water Security in 
Almaty, Kazakhstan.

Soil pH was measured by mixing 2 ml of 0.135 mol CaCl₂ solution 
with a soil sample in a 50 ml polypropylene test tube, shaking, and 
recording the pH after 2 min. Electrical conductivity (EC), an indicator 
of soil salinity, was determined at the University of Reading by 
measuring a 1:2.5 soil-to-deionized water solution. Organic matter (OM) 
content was determined by the loss-on-ignition (LOI) method: samples 
were oven dried at 105◦C overnight and weighed (the pre-ignition 
weight), combusted at 500◦C overnight in a muffle furnace, and 
reweighed (the post-ignition weight). The percentage of OM content was 
calculated as: 

%OM =
pre − ignition weight (g) − post − ignition weight (g)

pre − ignition weight (g)
× 100

(3) 

This method does not result in the loss of inorganic carbon contained 
in CaCO3 which combusts at 750 – 850 ◦C (Shamrikova et al., 2023). 
Total nitrogen was measured with a Flash Analyzer, and nitrate (NO₃⁻) 
concentrations were determined using the hydrazine reduction method 
(Kamphake et al., 1967) with a San+ + Automated Wet Chemistry 
Analyzer (Skalar).

Volumetric soil moisture was measured biweekly during the 
2016–2019 growing seasons with a HydroSense II handheld soil mois
ture sensor (https://www.campbellsci.co.uk/hs2). Measurements were 
taken at three plots, with approximately nine points per plot, at 0–20 cm 
depth. Based on soil texture analysis, the ‘silty loam’ calibration setting 
was selected, as this was the dominant texture at 0–60 cm depth. In 
2019, additional measurements were made in the three soil pits (Plots 
1–3, Fig. 1) at 20 cm intervals down to 100 cm.

Table 2 
Crop data for the experimental maize field (Fig. 1) including key crop man
agement dates, plant density, irrigation supplied and measured yield. Growing 
season length is number of days between sowing and harvesting. The maize crop 
growth cycle started with sowing in May and ended with reaching maturity in 
October.

Cultivation year 2016 2017 2018 2019

Sowing date 10 May 5 May 3 May 14 May
Harvesting date 25 

October
28 
October

27 
October

31 
October

Number of days between 
sowing and harvest

168 176 177 170

Crop growth cycle (days) 163 168 170 159
Plant density (plants ha− 1) 75,000 77000 76,000 78,000
Total irrigation amount 

supplied (mm)
200 240 240 260

Yield (t ha− 1) 8.0 8.4 8.4 8.6
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2.6. Crop management data

Furrow irrigation, the predominant method in SEK and across CA, 
was applied at the experimental field (Fig. 3). Irrigation typically 
occurred from late June to late August, when rainfall is minimal (Fig. 2). 
Farmers used visual cues (e.g. soil dryness and crop wilting) to deter
mine irrigation timing but often applied water whenever it was available 
in the network rather than at optimal intervals. The experimental field 
was generally irrigated every three to four weeks, with hoeing and ridge 
cultivation performed early in the season to facilitate water flow (Fig. 3).

Irrigation depth was estimated using a practical method: the time 
required to fill a one-litre jug was measured across five randomly 
selected furrows, and the average discharge rate was calculated 
(Duisebek, 2022). Start and end times of each irrigation event were 
recorded, and total volume was derived by multiplying discharge rate by 
duration (Table S6). SALTMED used these volumes to calculate irriga
tion depth per event, while AquaCrop estimated depth by dividing total 
volume by crop area. Quantifying furrow irrigation presents challenges 
due to spatial variability caused by uneven terrain, crop residues, and 
soil erosion (Fig. 3b), which can disrupt water distribution and intro
duce uncertainty.

Both models accounted for irrigation water salinity (Table 1). Water 
samples, collected from irrigation channels on 8 July 2019, were ana
lysed for salinity expressed as EC of irrigation water at the Kazakhstan 
Institute of Geography and Water Security (Table S7).

Ammonium nitrate was applied at a rate of 150 kg N ha⁻¹ annually 
(2016–2019) via fertigation and 1 litre ha⁻¹ of MaisTer Power herbicide 
was used for weed control (https://www.cropscience.bayer.ru/pro 
duct/maister-power). As the irrigation water was not evenly distrib
uted across the field then the fertilisation was not homogeneous. How
ever, given the high nitrogen and herbicide amounts, neither nitrogen 
limitation nor weed-induced crop stress were used in the model 
simulations.

For future scenario modelling, crop management inputs, including 
irrigation volumes and fertiliser applications, were based on the 2019 
experimental year.

2.7. AquaCrop and SALTMED calibration and validation

Model calibration was performed using data from the 2019 growing 
season, while validation relied on data from 2016 to 2018. Input data 
and parameter values are summarized in Tables S4–S9. For AquaCrop, 
calibration involved applying conservative parameters that are broadly 
consistent across crops and climates (Table S8), sourced from literature 
and model defaults (Heng et al., 2009). For SALTMED, calibration 
focused on soil water content (SWC), with adjustments made to key 
hydraulic properties such as bubbling pressure, saturated hydraulic 

conductivity, saturated water content, and pore size distribution index 
(Table S9). Crop-related parameters (including the crop coefficient (Kc), 
basal crop coefficient (Kcb), effective rooting depth, and fraction cover 
(Fc)) were also adjusted to improve agreement between simulated and 
observed SWC across soil layers and with observed yields. The maximum 
effective rooting depth of 60 cm was applied in both models (Tables S8; 
S9) in line with previous studies (Peng et al., 2012; Sha et al., 2024) and 
successfully calibrated against the observed soil moisture, dry matter 
and yield. In a second step, photosynthesis efficiency was tuned to 
optimize biomass production and model performance.

Validation was conducting by comparing simulated SWC and final 
grain yield against observations for the 2016–2018 growing seasons. 
The same set of calibrated soil and crop parameters was applied to 
validation and future scenario simulations to ensure consistency.

Model performance was evaluated using five statistical metrics 
(Loague and Green, 1991). RMSE quantified average difference between 
simulations and observations: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(Si − Oi)2

√

(4) 

Mean Absolute Error (MAE) expressed magnitude of errors irre
spective of sign: 

MAE =
1
n
∑n

i=1
|Si − Oi| (5) 

Relative Error (RE) expressed error as percentage of the observed 
value: 

Relative Error (%) =

(
∣Oi − Si∣

Oi

)

× 100 (6) 

Coefficient of Residual Mass (CRM) quantified model bias whereby 
positive (negative) values indicated overestimation (underestimation): 

CRM =

∑n
i=1(Oi − Si)
∑n

i=1
Oi

(7) 

Coefficient of Determination (R²) measured goodness of fit ranging 
from 0 (no fit) to 1 (perfect fit): 

R2 =

[∑n
i=1(Oi − O)(Si − S)

]2

∑n

i=1
(Oi − O)

2
×
∑n

i=1
(Si − S)

2
(8) 

In Eqs. 4–8, Oi is the i-th observed value, O is the mean of the 
observed values, Si is the corresponding simulated value, S is the mean of 
simulated values, and n the number of observed or simulated values.

Fig. 3. (a) Furrow irrigation in the experimental field and (b) uneven water flow at the field edge.
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3. Results

3.1. Climatic conditions and crop parameters in during the growing 
seasons of 2016–2019

The summers of 2017 and 2019 were warmer and drier than the 
1961–2019 mean (Fig. 2). In July 2017, a positive temperature anomaly 
of 2.3 ◦C was recorded. Positive temperature anomalies of 0.9 ◦C, 
3.3 ◦C, and 2.7 ◦C were recorded in June, July and August 2019, 
respectively, while precipitation was lower than the long-term average 
by 47, 66 and 49%, respectively although this deficit was offset using 
irrigation. The growing season of 2016 was colder and wetter than 
normal. Precipitation in May 2016 was 127 mm, exceeding the long- 
term monthly average by 80 mm. The growing season of 2018 was 
closer to the norm than the other years.

In 2019, high LAI values and above-average plant heights were 
recorded, with the tallest plant reaching 2.67 m, corresponding to 
higher temperature conditions (Table S4). The tallest crops were 
observed in Plot 1, which is located nearest to the irrigation water entry 
point (Fig. 1). Observations indicated that maize exhibited the most 
rapid growth following the first irrigation. Crop senescence typically 
began in early September.

3.2. Soil characteristics

Two soil texture types were identified: silt and silty loam (Table S5). 
The soil at Plot 1 (Fig. 1), located near the irrigation water entry point in 
the upper part of the field, had a higher silt content than Plots 2 and 3. 
Silty loam predominated in the lower part of the field, farther from the 
irrigation entry point. Soil pH ranged from 7.0 to 8.0. Organic matter 
content was low, varying from 1.1% to 1.4% in the top 0–20 cm layer 
and decreasing to below 1% in deeper layers (Table S5).

At the experimental field, irrigation water consisted of a mixture of 
fresh water and greywater, however, EC remained below 1 dS m− 1 

(Table S5). Notably, the plot located near the head of the furrow irri
gation system exhibited higher salinity at all depths compared to the 
other two plots. In the lowest plot, where water distribution was less 
efficient, salinity increased below 60 cm. These results suggest that 
furrow irrigation promoted deeper salt leaching, thereby reducing 
salinity stress in the surface horizon.

While SOM remained relatively stable throughout the profile, nitrate 
concentrations decreased sharply with soil depth (Table S5). The factors 
and processes causing this decline in nitrate concentration are unknown 
and require further investigation but likely result from a combination of 
factors. Such factors may include the movement of nitrate ions down
ward with the wetting front, and possibly upwards in association with 
evapotranspiration and diffusion into the plant roots. Nitrification may 
also occur in the upper 20 cm of the soil related to a higher oxygen 
content whilst, at depth, higher soil moisture may promote 
denitrification.

3.3. AquaCrop and SALTMED calibration and validation

Calibrated parameter values are shown in Tables S8 and S9. Strong 
agreement between observed and simulated variables was achieved, 
with R² values exceeding 0.85 (Table 3; Fig. 4). SALTMED reproduced 
the temporal variability of SWC more accurately than AquaCrop, 
yielding higher R² values of 0.95 and 0.88 for the 0–20 cm and 0–60 cm 
soil layers, respectively, and lower CRM, RMSE, and MAE values. 
Simulated maize yields also closely matched observations, with 
SALTMED producing a lower RE (2.3%) compared to AquaCrop (3.4%) 
(Table 4).

Model validation indicated that both AquaCrop and SALTMED 
simulated SWC reasonably well during the 2017 growing season, with R² 
values of 0.83 and 0.80, respectively. In contrast, model performance 
was weaker in 2016, an anomalously wet year (Fig. 2), with R² values of 
0.78 for AquaCrop and 0.77 for SALTMED (Table 3). RE for maize yield 
ranged from 3 to 6% for AquaCrop and 2–4% for SALTMED across the 
2016–2018 growing seasons.

3.4. Simulated climate and climate projections

The simulated annual temperature cycles closely matched observa
tions during the baseline period (Fig. 5), even before bias correction, as 
indicated by high correlation coefficients in the Taylor diagrams 
(Fig. S3). All models, however, underestimated maximum temperatures 
by 1.2–1.5◦C and overestimated minimum temperatures by 3.9–4.2◦C in 
JJA, with RMSE values below 5◦C. Simulated precipitation also repro
duced the observed annual cycle well, with correlation coefficients 
above 0.90 (Fig. S3). Nonetheless, all models underestimated monthly 
precipitation in April and May (the wettest months) and two of the four 
models also underestimated precipitation in August (Figs. 5, S3). These 
biases were effectively corrected using the EQM procedure (Fig. 5; S3).

The statistical significance of projected changes was assessed by 
comparing future climate model projections with the standard deviation 
of both modelled and observed historical data. All models projected a 
statistically significant increase in air temperature under both RCP 
(Table 5; Fig. 5). Among them, NorESM1-M indicated the strongest 
warming, while MPI-ESM projected the smallest increase in both 
maximum and minimum temperatures across all time slices and sce
narios (Figs. S4, S5). Most models suggested stronger warming during 
December–February (DJF), followed by JJA, relative to the transitional 
seasons.

Relative changes in precipitation are presented in Table 5 and 
Figure S5. On average, growing-season precipitation was projected to 
either increase by up to 10% or remain unchanged, except toward the 
end of the 21st century when a decline of around 10% was projected 
under RCP 8.5. However, these mean values mask considerable vari
ability, with individual model projections ranging from a 40% reduction 
to a 30% increase in May–September precipitation. This inter-model 
spread was particularly pronounced under RCP4.5, where no clear 
consensus emerges on the direction of change (Fig. S4). As a result of 
insignificant trends in precipitation, the aridity index (AI), defined as a 

Table 3 
Model performance metrics for soil water content (SWC) calibration using data of the 2019 growing season and validation using data of the 2016 and 2017 growing 
seasons.

Metrics Soil depth 0–20 cm Soil depth 0–60 cm

2016 2017 2019 2019

Aqua- 
Crop

SALTMED Aqua- 
Crop

SALTMED Aqua- 
Crop

SALTMED Aqua-Crop SALTMED

R2 0.78 0.77 0.80 0.83 0.86 0.95 0.85 0.88
CRM 0.079 -0.019 0.068 -0.01 0.053 -0.014 -0.05 -0.018
RMSE 0.031 0.027 0.032 0.025 0.049 0.012 0.030 0.011
MAE 0.03 0.022 0.027 0.021 0.033 0.011 0.023 0.010
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ratio between precipitation and potential evaporation (Table 6), did not 
exhibit a strong change as confirmed by global studies (Greve et al., 
2019) although currently, the AI value of 0.21 correspond to the 
semi-arid area and the 2070–2099 value of 0.19 corresponding to arid 
climate (Zomer et al., 2022).

Changes in extreme temperature events, such as frost (minimum 
temperature < 0◦C) and heat stress (maximum temperature > 38◦C), 
were assessed under future climate scenarios (Table S10). In the baseline 
climate (1976–2005), the number of days with minimum temperatures 
below 0◦C averaged 6.7 in April and 0.7 in May. By 2070–2099 under 
RCP8.5, these cold days were projected to decline to zero in both 
months. By contrast, days with maximum temperatures exceeding 38◦C 
in July and August, which averaged 2.5 and 1.9 days, respectively, in the 
baseline period, were projected to rise sharply, reaching 25 days in July 
and 24 days in August by the end of the century under RCP8.5.

3.5. Projected future changes the length of growing cycle, water use and 
yields

The mean projected changes in CGC, CWR, and maize yields are 
presented in Table 6. These values were calculated by averaging outputs 
from AquaCrop and SALTMED simulations driven by individual climate 
model projections (Figs. 6 and 7). The CGC was projected to decrease 
from the current 159–170 days to 127–129 days under RCP4.5 and to 
120–123 days under RCP8.5 in 2070–2099, representing a reduction of 
36–38 and 42–45 days, respectively. Both AquaCrop and SALTMED 
produced very similar results. Even in the nearer-term period of 
2020–2049, which is particularly relevant for adaptation planning, CGC 
is expected to decline by approximately 20 days under RCP4.5 and by 30 
days under RCP8.5. Sowing dates were projected to shift from the first 
two weeks of May to the last week of April in 2020–2069, and to the 
middle of April in 2070–2099 (Table 6).

This shortening of CGC resulted in a reduced CWR, simulated to 
decline by 11–15% in AquaCrop and 16–24% in SALTMED over the 21st 
century (Table 6; Fig. 6). Simulated future maize yields also showed a 
decreasing trend across the 2020–2100 period, with reductions of be
tween 6–11% and 3–7% projected by AquaCrop and SALTMED, 
respectively (Table 6; Fig. 7). While SALTMED simulated a greater 
reduction in CWR, AquaCrop projected more substantial decreases in 
yield.

Water productivity, calculated as a ratio of modelled yield to the sum 
of modelled crop water requirement (CWR) and rainfall, ranged between 
11.0 kg ha⁻¹ mm⁻¹ (SALTMED) and 12.5 kg ha⁻¹ mm⁻¹ (AquaCrop) for 
the 2020–2049 period. The largest projected increase (+10%) was 
simulated by SALTMED under the RCP8.5 scenario for 2070–2099 
(Table S11).

Fig. 4. Observed and simulated SWC (m3 m− 3) as in 2019 by AquaCrop (a, c) and by SALTMED (b, d) for the 0–20 cm and lumped 0–60 cm layers of soil. The vertical 
bars show water depth from rain and irrigation.

Table 4 
Observed and simulated maize yields and relative errors (RE) during the 
2016–2018 validation and 2019 calibration growing seasons.

Year Observed AquaCrop SALTMED

Simulated RE (%) Simulated RE (%)

2016 8.0 8.4 5.0 8.3 3.7
2017 8.4 8.9 5.9 8.7 3.5
2018 8.4 8.8 4.7 8.6 2.3
2019 8.6 8.9 3.4 8.8 2.3
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4. Discussion

4.1. Simulated effects of projected changes in climate on maize cultivation

Climatic warming in SEK has already been observed, with maximum 
summer temperatures increasing by 0.27◦C per decade between 1961 
and 2019. Future projections (Table 5; Fig. S4) indicate continued 
warming beyond maize’s physiological optimum, with days exceeding 
the critical 38◦C threshold (Herrero and Johnson, 1980) projected to 
increase fourfold in the 2020–2049 period compared to the baseline and 
to occur almost daily by the end of the century (Table S10). While a 
decline in the frequency of frost days during April–May may benefit 
germination, the negative effects of extreme summer heat will dominate.

Model experiments with a late-maturing maize variety (159–170 day 

CGC) projected yield reductions under both scenarios ranging between 
-5.6% and -11.6% in AquaCrop and -4.5% and -8.1% in SALTMED across 
the time slices (Table 6). These declines are primarily temperature- 
driven, as irrigation was held constant. A pronounced shortening of 
the crop growth cycle from approximately 165 days (2016–2019) 
through 127–140 days in 2020–2049120–129 days in 2070–2099 was 
projected, consistent with global observations of accelerated phenology 
under warming conditions (Lobell et al., 2011; Bassu et al., 2014; 
Jägermeyr et al., 2021). Shorter CGCs will lead to a decrease in CWR by 
11–15% in AquaCrop and 16–24% in SALTMED by 2100 and it will be 
more pronounced in the second half of the 21st century according to the 
SALTMED simulations (Table 6). The projected decline in CWR and 
associated small increase in water productivity (Table S11) suggest that 
less irrigation water will be required during the crop growth cycle 

Fig. 5. Observed, simulated uncorrected and bias-corrected ensemble-average values of precipitation intensity (mm day− 1), maximum (Tmax) and minimum (Tmin) 
temperature (◦C) for the baseline climate (1976–2005) and for the 2020–2049, 2040–2069, and 2070–2099 time slices for RCP 4.5 and RCP 8.5 scenarios. The 
simulation domain is shown in Fig. 1.

Table 5 
Projected changes, based on the bias-corrected data, in maximum (Tmax) and minimum (Tmin) air temperatures and relative changes in precipitation intensity (PI; 
expressed as a ratio between future and baseline precipitation) in comparison with the baseline period (1976–2005) for the growing season (May to September). The 
numbers in bold represent the ensemble-averaged values, while the ranges show the spread of projections from individual model simulations.

RCP / 
time slice

RCP 4.5 RCP 8.5

Tmax (◦C) Tmin (◦C) PI Tmax (◦C) Tmin (◦C) PI

2020–2049 2.3 
(1.7–2.9)

2.4 
(1.8–2.5)

1.1 
(0.9–1.3)

2.4 
(1.8–2.8)

2.8 
(2.0–3.1)

1.1 
(1.0–1.2)

2040–2069 3.2 
(2.5–4.0)

3.4 
(2.7–3.8)

1.0 
(0.8–1.2)

4.0 
(3.4–4.4)

4.6 
(3.8–5.1)

1.1 
(0.9–1.3)

2070–2099 3.9 
(3.2–4.4)

5.3 
(3.3–9.4)

1.0 
(0.7–1.2)

6.9 
(6.5–7.4)

7.8 
(7.1–8.1)

0.9 
(0.6–1.0)
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overall rather than more. However, uncertainties in precipitation pro
jections contribute directly to uncertainties in projected water produc
tivity. The global mean water productivity for maize has been estimated 
at 18.6 kg ha⁻¹ mm⁻¹ , with values ranging from 8.0 to 
33.2 kg ha⁻¹ mm⁻¹ (Zheng et al., 2018). Results of this study showed that 
both current (2016–2019; Table 6) and projected values (Table S11) fall 
at the lower end of this global range.

Statistical significance of the projected yield reductions can be 
assessed by comparing the projected changes with the standard 

deviations of observed yields. For AquaCrop, the projected reductions 
were significant across both scenarios and all time slices. In contrast, 
SALTMED projected smaller reductions, which become significant in the 
late century under RCP4.5 and in the mid-century under RCP8.5. 
However, this assessment is limited by the short observational yield 
record, as farmers generally do not maintain long-term yield data.

Table 6 
Projected changes in maize yield, CGC, and CWR under different climate scenarios. In the future scenarios, values represent means of simulations driven by individual 
climate models; ranges indicate medians of individual simulations (Figs. 6 and 7). CWR, rainfall, and reference evapotranspiration (ETo) correspond to the CGC from 
sowing to maturity. Observed rainfall and irrigation values are shown for 2016–2019.

Scenario Period Sowing 
date

CGC 
(days)

Simulated 
yield 
(t ha− 1)

Yield relative 
change (%)

CWR 
(mm)

CWR relative 
change (%)

Rainfall 
(mm)

Irrigation 
(mm)

Rainfall 
+ irrigation 
(mm)

ETo 
(mm)

AquaCrop ​ ​ ​ ​

​ 2016 08 May
163 8.4

​
542

​
260 200 460 739

2017 05 May
166 8.9

​
597

​
104 240 344 787

2018 03 May
170 8.8

​
570

​
120 240 360 796

2019 13 May
159 8.9

​
586

​
107 260 367 864

​ ​ ​ ​ ​

RCP4.5 2020–2049 01 May
148 8.4

-5.6 
(-7.8 – − 3.8) 505

-12 
(-28.2 – − 2.1) 167 260 427 813

2040–2069 27 Apr
132 8.2

-8.1 
(-9.2 – − 7.2) 499

-14 
(-32.2 – − 1.8) 154 260 414 821

2070–2099 23 Apr
129 8.0

-10.1 
(-11.3 – − 9.3) 504

-13 
(-35.2 – − 5.8) 161 260 421 814

​ ​ ​ ​ ​

RCP8.5 2020–2049 27 Apr
138 8.3

-6.7 
(-8.7 – − 4.9) 511

-11 
(-29.8 – − 3.9) 175 260 435 809

2040–2069 22 Apr
130 8.1

-9.3 
(-10.1 – − 9.0) 512

-11 
(-27.9 – − 0.1) 168 260 428 831

2070–2099 17 Apr
123 7.9

-11.6 
(-13.6 – 
− 10.3)

489
-15 
(-34.2 – − 4.0) 148 260 408 774

SALTMED ​ ​ ​ ​

​ 2016 08 May
163 8.3

​
615

​
260 200 460

733

2017 05 May
166 8.7

​
781

​
104 240 344

826

2018 03 May
170 8.6

​
659

​
120 240 360

791

2019 13 May
159 8.8

​
756

​
107 260 367

893

​ ​ ​ ​ ​

RCP4.5 2020–2049 30 Apr
140 8.5

-4.5 
(-4.8 – − 3.6) 591

-16 
(-23.8– 
− 12.1)

167 260 427
816

2040–2069 26 Apr
134 8.4

-5.4 
(-5.1 – − 5.7) 581

-17 
(-25.0 – 
− 15.1)

154 260 414
807

2070–2099 23 Apr
127 8.3

-6.8 
(-8.0 – − 6.2) 565

-19 
(-27.8 – 
− 20.6)

161 260 421
800

​ ​ ​ ​ ​

RCP8.5 2020–2049 29 Apr
138 8.4

-5.1 
(-5.9 – − 4.5) 587

-16 
(-26.4 – 
− 11.7)

175 260 435
813

2040–2069 24 Apr
127 8.3

-6.5 
(-6.8 – − 5.9) 568

-20 
(-30.9 – 
− 18.4)

168 260 428
787

2070–2099 17 Apr
120 8.2

-8.1 
(-8.4 – − 7.2) 531

-24 
(-37.1 – 
− 27.3)

148 260 408
768
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4.2. Uncertainty and limitations of the model-based assessment

Uncertainty in projections arises from differences in crop model 
structure, heat stress representation, climate scenarios, and spatial scope 
of the study. Global crop model intercomparison projects showed that 
crop models introduce more variability in yield projections than climate 
models (Rosenzweig et al., 2014; Jägermeyr et al., 2021) and simulated 
maize yields can vary by a factor of two across crop models even under 
baseline conditions (Bassu et al., 2014). While our study employed 
multiple GCMs for climate projections, similar to Jägermeyr et al. 
(2021), it relied on only two crop models. AquaCrop and SALTMED 
diverged more in their yield and water requirement projections than 
RCP4.5 and RCP8.5 did from each other. AquaCrop’s dynamic crop 
coefficient (Kc) approach produced a wider range of outcomes than 

SALTMED’s stage-specific Kc (Table 6; Figs. 6–7), illustrating how 
parameterisation choices shape results. In the future, Kc values are not 
expected to change substantially as shown by Tegegne et al. (2025) as 
both ETo and ETa are projected to increase at comparable rates.

Crop–water models may underestimate yield losses under extreme 
heat. Empirical studies suggest that the observed impacts are often more 
severe than those in model simulations (Liu et al., 2014). Simplified 
representations of photosynthesis, light-use efficiency, transpiration, 
and nutrient constraints limit model accuracy (Rosenzweig et al., 2013; 
Stocker et al., 2020). Moreover, shorter CGCs imply reduced solar ra
diation capture and photosynthesis (Bassu et al., 2014), a process not 
explicitly modelled here. Future work, therefore, should include more 
physiologically detailed models.

Recent comparisons between harmonized crop–water model 

Fig. 6. Boxplots of Crop Water Requirement (CWR), Reference Evapotranspiration (ETo), and rainfall for the 2020–2049, 2040–2069, and 2070–2099 time slices as 
simulated using AquaCrop and SALTMED for RCP4.5 and RCP8.5 scenarios.
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projections based on CMIP5 and CMIP6 data have demonstrated that the 
ensemble response of the new generation of crop and climate models to 
RCP2.6 (SSP1–2.6) and RCP8.5 (SSP5–8.5) forcing is more pronounced 
under CMIP6 (Jägermeyr et al., 2021). Specifically, for maize, the mean 
projected global productivity reduction for the 2070–2099 period was 
approximately 10% (SSP1–2.6) and 20% (SSP5–8.5) greater when using 
CMIP6 projections compared to CMIP5 due to an earlier onset and 
intensification of climate change impacts. Expanding the crop–water 
model ensemble and incorporating CMIP6-based scenarios would, 
therefore, enhance the robustness of future crop projections in SEK.

Inconsistencies among precipitation projections from different 
models are a well-documented issue in CA, where both the magnitude 
and direction of projected trends often diverge. This problem was 
particularly pronounced in the CMIP5 ensemble (Huang et al., 2014), 
from which the projections used in this study were derived. In the study 
area, projected changes in growing-season precipitation range from a 
40% reduction to a 30% increase (Table 5). Although CMIP6 models 
show improved consistency projecting an increase in annual precipita
tion in the northern part of CA and in the Tien Shan mountains, the issue 
has not been fully resolved (Jiang et al., 2020). In our simulations, 
applying irrigation at 2019 levels moderated the effects of these in
consistencies on yields, but it did not eliminate the uncertainty sur
rounding future irrigation water availability.

Finally, the presented simulations were based on the observational 
data from an individual farm. Even within the farm, crop characteristics 
varies (e.g., crop heights varied between the plots depending on the 
distance to the irrigation water entry point) that is a limitation of the 
study. Broader spatial replication, reflecting the diversity of growing 
conditions and crop characteristics, as well as hydrological integration 
are needed to capture regional heterogeneity and water-availability 
dynamics.

4.3. Comparison with other model-based assessments

The negative effects of rising temperatures and drought on maize 
productivity have been documented in experimental (Hatfield and 
Prueger, 2015), observational (Lobell et al., 2011, 2014), and modelling 
studies (Bassu et al., 2014) worldwide. Timlin et al. (2024) estimated 

that global maize yields will decline by approximately 7.4% for every 
1◦C increase in global mean temperature, although the magnitude of this 
effect varied by region. Water availability is another major determinant 
of yield: insufficient rainfall, particularly when drought coincides with 
sensitive growth stages, exacerbates yield losses (Lobell et al., 2011) 
although reductions are generally smaller in irrigated systems (Ray 
et al., 2015, 2019). A recent Global Gridded Crop Model Intercompar
ison projected global maize yield reductions of about 6% under 
SSP1–2.6 and 24% under SSP5–8.5 by 2100 (Jägermeyr et al., 2021), 
with consistent patterns across models and major producing regions 
such as North America, Mexico, west Africa, Central Asia, and China. 
Irrigated maize yields were projected to decrease by 13–19% and by 
16% in northern (Tao and Zhang, 2010) and in north-western (Gao et al., 
2024) China, respectively, by the end of the 21st century. A 17% 
reduction in irrigated maize yield was projected for Portugal (Yang 
et al., 2017). Rainfed maize yields in the U.S. Corn Belt were projected to 
decline by 18% by the end of the 21st century, primarily due to an in
crease of more than 5 ◦C in growing-season temperature (Ummenhofer 
et al., 2015). In the south-eastern United States, yields could decrease by 
4.6% per ◦C (Cammarano and Tian, 2018).

Our simulations align with this global evidence but show smaller 
yield reductions for SEK, where maize is irrigated. By 2070–2099 under 
RCP8.5, AquaCrop and SALTMED project yield reduction of 11.6% and 
8.1%, respectively (Table 6). Irrigation not only ensures water supply 
but can also reduce canopy and near-surface air temperatures, miti
gating heat stress (Sacks et al., 2009) as well as VPD, improving pollen 
moisture content and, therefore, viability (Fonseca and Westgate, 2005). 
The projected shortening of the crop growing cycle (CGC) by 36–38 days 
under RCP4.5 and 42–45 days under RCP8.5 by 2100 (Table 6) aligns 
with global (Jägermeyr et al., 2021) and regional projections (Tao and 
Zhang, 2010; Yang et al., 2017), though it exceeds the approximately 
10-day reduction projected for north-western China for a maize variety 
with a 112–115-day CGC (Gao et al., 2024).

In CA, the growing season has already shortened by approximately 
0.9 days yr⁻¹ between 2000 and 2019, particularly in central and 
western Kazakhstan and the Syr Darya basin (Wu et al., 2021). Similar 
contractions have been reported elsewhere: reductions of 66 days in 
north-eastern China (Lin et al., 2017), 50 days in warmer climates such 

Fig. 7. Boxplots of maize yield for the 2020–2049, 2040–2069, and 2070–2099 time slices as simulated by AquaCrop and SALTMED for RCP4.5 and 
RCP8.5 scenarios.
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as Morocco (Bouras et al., 2019), and 4.8 days per decade globally (Liu 
et al., 2013). Together with our model outputs, these results highlight a 
consistent global pattern of maize phenological acceleration and 
growing-season contraction under future warming scenarios.

4.4. Regional water availability and recommendations for adaptation

Irrigation underpins agriculture in CA, consuming over 80% of water 
withdrawals, most sourced from snow and glacier melt (Cai et al., 2003). 
Ongoing glacier retreat and altered runoff seasonality threaten this 
supply in SEK (Shahgedanova et al., 2020) and across CA (Hock et al., 
2019). Currently, runoff is increasing in glacierized catchments, but 
peak water is expected around the 2040 s. Summer flows will decline 
thereafter and seasonal maximum in runoff, supported by snow melt, 
will shift towards spring (Hock et al., 2019; Shahgedanova et al., 2020). 
The use of treated (grey) wastewater is currently limited to areas near 
large cities, such as Sorkol Lake near Almaty (Mamadiyarov et al., 2015; 
Yapiyev et al., 2021). Its application should be expanded; however, this 
water has a higher salinity (470 ppm TDS) compared with water sup
plied by snow and glacier melt (70–210 ppm TDS; Wade et al., 2024). 
Reservoirs storing both melt and treated water can buffer seasonal shifts, 
but increased evaporation under warming will limit their effectiveness 
(Yapiyev et al., 2017). In addition, current irrigation infrastructure is 
deteriorating, reducing farmers’ capacity to benefit from present in
creases in meltwater in glacierized catchments (Thevs et al., 2017; 
Barrett et al., 2017; Shahgedanova et al., 2018).

Shorter growing cycles and potential increases in spring precipita
tion could partially reduce irrigation demand in SEK, consistent with 
global projections of a 17% reduction by the 2080 s (Konzmann et al., 
2013) and with projections for north-western China by Song et al. 
(2019). However, furrow irrigation currently used in the region is 
inefficient and vulnerable to evaporative losses. Moreover, there is un
certainty about the projected decrease in irrigation demand. Thus, 
projections for north-western China by Gao et al. (2024) showed an 
increase in evapotranspiration and a greater demand for water for maize 
in the future despite shortening CGC. Replacing furrow irrigation with 
more efficient systems such as sprinkler or drip and improving water 
scheduling could enhance water-use efficiency and reduce risks of either 
excessive water uses under lower CRW as projected for SEK, or higher 
evaporative losses as projected for China (Thevs et al., 2017).

Adaptation strategies such as earlier sowing and shorter-maturing 
cultivars can help align crop water demand with annual maxima in 
rainfall and runoff (Tao and Zhang, 2010; Bassu et al., 2014). Saddique 
et al. (2020) showed that adjusting sowing dates, together with modified 
irrigation, could offset a projected 33% reduction in maize yields in 
China and instead achieve a 2–31% increase. However, frost risk in SEK 
remains significant in April even at the end of the 21st century under 
both RCP scenarios (Table S10), and changes in sowing dates and 
cultivar selection must account for the probability of spring frosts, 
tolerance to high temperatures, and traits such as early-morning pollen 
shedding (Dhillon et al., 1988; Tao and Zhang, 2010; Barlow et al., 
2015). Varieties that shed pollen in the early morning, when tempera
tures are cooler, offer an additional adaptation strategy to heat stress 
(Shah et al., 2011).

Limited adaptive capacity of small and medium-sized farms remains 
a barrier to adaptation in SEK, underscoring the need for targeted sup
port and knowledge transfer (Barrett et al., 2017; Murzakulova et al., 
2019). As a result, disseminating crop–water modelling results to 
farmers and policymakers can inform irrigation planning, cultivar 
choice, agronomic practices, and broader adaptation practices.

5. Conclusion

This study used the AquaCrop and SALTMED crop–water models, 
calibrated with field data from south-eastern Kazakhstan, to assess how 
projected climate change will affect maize growth, yield, and water 

requirements in a cryosphere-dependent agricultural region. Bias- 
corrected outputs from four climate models under RCP4.5 and RCP8.5 
scenarios showed that increasing temperatures will substantially 
shorten the maize growth cycle by up to 42–45 days by 2100. As a result, 
crop water requirements will decline by 11–15% (AquaCrop) and 
16–24% (SALTMED), while yields are projected to fall by up to 11.6% 
and 8.1%, respectively. These changes are driven primarily by rising 
temperatures and accelerated phenology rather than changes in pre
cipitation, which show no clear trend.

While irrigation moderates yield losses, glacier retreat and shifting 
runoff patterns will challenge future water availability. Adaptation 
strategies such as earlier sowing, selecting shorter-maturing and heat- 
tolerant cultivars, and replacing inefficient furrow irrigation with 
more efficient systems could help sustain yields and improve water-use 
efficiency. Future work should use crop–water models that explicitly 
represent photosynthesis and evapotranspiration to better assess the 
impact of reduced solar radiation capture on yields and incorporate 
changing water availability due to the degradation of the cryosphere. 
Such analyses will support the development of robust adaptation stra
tegies and inform climate-resilient agricultural planning in Central Asia.
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