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Abstract: Global climate change can have a significant impact on the development and sustainability
of agricultural production. Climate scenarios indicate that an expected increase in air temperature
in semiarid Uzbekistan can lead to an increase in evapotranspiration from agricultural fields,
an increase in irrigation water requirements, and a deterioration in the ameliorative status of irrigated
lands. The long-term mismanagement of irrigation practices and poor conditions of drainage
infrastructure have led to an increase in the water table and its salinization level in the northwestern
part of Uzbekistan. This article presents the results of an analysis of the amelioration of irrigated
lands in the Khorezm region of Uzbekistan as well as the modeling of the dynamics of water table
depths and salinity levels using the Mann–Kendall trend test and linear regression model. The study
estimated the water table depths and salinity dynamics under the impact of climate change during
2020–2050 and 2050–2100. The results show that the water table depths in the region would generally
decrease (from 1.72 m in 2050 to 1.77 m by 2100 based on the Mann–Kendall trend test; from 1.75 m
in 2050 to 1.79 m by 2100 according to the linear regression model), but its salinity level would increase
(from 1.72 g·L−1 in 2050 to 1.85 g·L−1 by 2100 based on the Mann–Kendall trend test; from 1.97 g·L−1
in 2050 to 2.1 g·L−1 by 2100 according to the linear regression model). The results of the study provide
insights into the groundwater response to climate change and assist authorities in better planning
management strategies for the region.
Keywords: groundwater; mineralization; Mann–Kendall trend test; linear regression; irrigated
agriculture; Khorezm; sustainability

1. Introduction
Central Asian countries are among the states that are vulnerable to climate change. Mean annual
air temperature increases have already been observed across Central Asia due mainly to natural
causes [1]. Warming trends are more pronounced in the lower elevation plains and intermountain
valleys than at higher elevations [2]. The warming across Central Asia is expected to exceed the
global average, with the southernmost areas experiencing a greater shift in temperatures and the
northernmost parts showing a less pronounced shift. According to some climate scenarios, a 2.5 ◦ C
increase is expected in the summer temperature in Central Asia towards the end of this century [3].
Moreover, the annual mean precipitation in Central Asia is projected to continuously increase by
14.51% (8.11 to 16.9%) by the end of the 21st century, and this precipitation would mainly fall outside
the regular crop growing period (November–March) [4]. In Uzbekistan, the rate of increase in air
temperature has been of 0.27 ◦ C over 10 years [5].
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Climate change and its impact on agricultural production have been widely researched by domestic
and foreign scientists [6,7]. For instance, a number of renowned scientists have placed major emphasis
on the study of global warming [8–10]. Much attention is paid to problems related to the adaptation of
agriculture to climate change, such as the introduction of new crops, crop rotation changes, alterations
in the intensity of tillage practices, optimization of fertilization, and changes from grassland to arable
land [11–13], which are also in line with the findings in Europe [14].
Academics and governments generally agree that climate change also impacts the dynamic
changes in water table depths [15–19]. Prolonged droughts and low levels of rainfall may cause
a significant decline in water table depth [20]. In fact, the water table is a useful water resource
during drought periods and for upland crop cultivation [21–23]. Climate change and variability may
threaten environmental sustainability and the livelihoods of billions of people around the world [24].
Along with climate change, population increases have imposed pressure on irrigated agriculture,
which in turn has resulted in excessive groundwater extraction for irrigation purposes [25,26].
Irrigated agriculture plays an important role in the economy of the Khorezm region of Uzbekistan.
Due to the continuous population growth in the region, the role of irrigated agriculture as the main
source of food security is noticeably increasing; however, at the same time, pressure on the available
water and land resources is also increasing. The high degree of salinization and waterlogging of the
land, as well as the increasingly acute shortage of water resources, jeopardize the sustainability of
agriculture in this region [27]. According to the Food and Agriculture Organization (FAO) of the
United Nations, almost all irrigated lands in Khorezm are saline or subject to secondary salinization
processes as a result of the level of the salinized water table quickly rising to the surface of the earth [28].
A high water table level occurs when there are small surface slopes and as a result of the high water
conductivity of sandy soils, although the main reason is ineffective water management. For example,
scarce water resources during 1995, 2000–2001, and 2008 clearly demonstrated that there was an urgent
need for a transition from old, ineffective methods of managing irrigated agriculture to new, advanced
technologies suitable for the conditions of Khorezm [29].
The rising levels of the salinized water table significantly affect soil fertility. In Uzbekistan, the
total area of irrigated land in the groundwater zone with a salinity up to 3.0 g·L−1 is 3.35 million
ha or 77.98%. In the Khorezm region, there are approximately 0.26 million ha of irrigated lands,
of which the groundwater is covered in approximately 0.22 million ha, which have a salinity level of
between 1.0–3.0 g·L−1 [30]. Shallow water table depth with high salinity level causes disruption to the
development of crop productivity in the region [31]. In order to combat salinity issues, salt-tolerant
crops are widely studied in the region [32,33]. Moreover, reducing the level of highly salinized water
table through different irrigation methods are also studied by some scholars [34,35]. In this research,
however, our main focus lies on the analysis of climate change and its impact on the dynamics of the
water table depths and salinity (mineralization) levels.
Because the irrigated lands of the Khorezm region are 100% saline, the region was taken as the
focus of this research. In this study, we primarily focused on irrigated lands; therefore, other land
categories, including forest and pasture lands, were not considered. The total land area in Uzbekistan is
approximately 44.7 million ha, of which 62.6% is agricultural land, 7.7% is forestland, and 29.7% belongs
to other categories (e.g., industrial, historical, and water resources) [36]. In comparison to other studies
in the region [37–41], this research aims to analyze meteorological data for the period of 1928–2017,
including air temperature (◦ C), precipitation (mm), absolute humidity (g·m−3 ), relative humidity (%),
wind speed (m·s−1 ), and land surface temperature (◦ C), using a linear regression model as well as
a Mann–Kendall trend test over a 10-year average. We also analyzed the impacts of climate change,
not only on the dynamics of the water table depths, but also on the salinity. As a result, water table
depths and salinity will serve as additional tools for developing management strategies and assessing
the ameliorative status of irrigated lands in the region. In this research work, the assumption included
that the warming of the climate may lead to the decline in water table depth and increase in the level
of salinity.
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These events have already caused serious setbacks in 2000, 2001, and 2008 [44]. A total of
1.8 million people live in the region, of which 70% are engaged in crop production, animal husbandry,
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and horticulture [45]. Cotton and winter wheat are the two main crops grown in this area. Cotton is one
of the main cash crops in Uzbekistan, while wheat is the country’s main grain crop [46]. Other cultivated
crops are rice, watermelon, alfalfa, corn, sorghum, and grapes. Orchards are scattered throughout
the region. The growing season for most crops in the region is during April–September, while winter
wheat is grown during October–July. The harvest schedule was obtained from the regional land
administration authority in the Khorezm region of the Republic of Uzbekistan.
The data on water table depths were generated based on 1200 monitoring wells, which are under
the jurisdiction of the Khorezm Ameliorative Expedition.
2.2. Linear Regression Model
Observations carried out on a biological object using correlation-related signs x and y can be
represented by points on the plain, by constructing a system of rectangular coordinates. As a result,
a type of scatter diagram is prepared, which makes it possible to judge the form and tightness of the
connection between the varying attributes [47].
In many instances, this relationship seems to be a straight line or can be approximated by a straight
line. The linear relationship between variables x and y is described by an equation of the general form
y = a + bx1 + cx2 + dx3 + . . . , where a, b, c, d . . . are the parameters of the equation that determine the
relations between the arguments x1 , x2 , x3 . . . , xn , and function y. [48].
We described the relationship between temperature (y) and year number (x) with a simple linear
regression model:
y = a + bx
(1)
In the linear regression Equation (1), a is a free term, and parameter b determines the slope
of the regression line with respect to the axes of rectangular coordinates. In analytical geometry,
this parameter is called the angular coefficient, and in biometrics, it is called the regression coefficient.
The formula for calculating the correlation coefficient is constructed in such a way that if the
relationship between the features is linear, the Pearson coefficient accurately establishes the tightness
of this relationship. Therefore, it is also called the Pearson linear correlation coefficient [49].
The strength of the linear relationship between temperature and time was described with Pearson’s
correlation coefficient [50]:
P
P
P
n ni=1 xy − ni=1 x ni=1 y
rxy = q
(2)
q
P 2 P
P 2 P
2
2
n xi − (xi ) n yi − ( yi )
where xi is the value taken by the variable X, yi is the value taken by the variable Y, x is the mean of X,
and y is the mean of Y.
Prognostic extrapolation was performed after the results were regionalized and averaged. It was
based on the principles of simple linear modeling:
ŷ(n) =

p
X

ai y(n − i)

(3)

i=1

where ŷ(n)—predicted water table depth or salinity, y(n − i)—observed data, and
ai —prediction coefficient.
From the above equation, we derive the function of data extrapolation between two points.
As a result of this function, we obtain future increasing or decreasing quantity values:
y0 = yk−1 +

x0 − xk−1
( y − yk−1 )
xk − xk−1 k

(4)
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The prognostic extrapolation was based on the approach of average forecasting. With this
approach, all future values of the time series studied are equal to the mean:
y = ( y1 + y2 + y3 . . . yT )/T

(5)

where ( y1 + y2 + y3 . . . yT ) are regional values for observed water table depth and salinity, and T is
prospective years (five-year interval).
2.3. Mann–Kendall Trend Test
The Mann–Kendall test and Sen’s slope were used to identify water table trends and to model their
depths in a timely manner to predict subsequent water levels [51,52]. It is a widely accepted statistical
tool to predict and analyze different pollutants statistics, retrieved over time for steadily decreasing or
increasing trends [53–56]. Originally developed by Mann [57] and later, reworked by Kendall [58],
the test is defined as “the null hypothesis of this non-parametric test defines no monotonic trend in
data, and alternate hypothesis states an existence of a positive, negative or non-null trend” [59].
Most statistical tests of the monotonic trend in hydrological time series are affected by some of the
following problems: abnormal data, missing values, seasonality, censoring and serial dependence,
and sequential correlation [60]. Rising water tables are likely to be associated with recurrent droughts
and rising temperatures [61]. Two possibilities were used to compare and evaluate the impact of climate
change: (i) analysis of trends in the historical climate and the hydrological data obtained from regular
monitoring systems using the Mann–Kendall test; and (ii) the linear regression model [62]. We used
temperature as a main explanatory variable and made some scenario of how future temperatures
would impact on water table depths and salinity changes.
The Mann–Kendall trend test is a ranking-based nonparametric test used to assess the significance
of a trend. The null hypothesis H0 is that the sample is chronologically ordered, independent,
and normally distributed. The statistics S has the following form [63]:
n−1 X
n
X



sgn x j − xi

(6)



1 if x > 0



sgn(x) = 
0
if x = 0


 −1 i f x < 0

(7)

S=

i=1 j=i+1

where:

If n ≥ 40, this indicates that S is asymptotically normally distributed with a mean of 0 and
a variance described by the following equation:


X

1 
n(n − 1)(2n + 5) −
Var{S} =
t(t − 1)(2t + 5)

18

(8)

t

where t is the size of this related group, and

P

the sum of all related groups in the data sample.

t

The standardized verification statistic K can be calculated using the equation:

√S−1 I f S > 0



Var(s)



0
If S = 0
K=



S+1

√
If S < 0

Var(x)

(9)
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The standardized statistic K obeys the standard normal distribution law with a mean zero value
and unit variance. The probability value P of the statistic K of the sample can be estimated using the
normal integral distribution function:
1
P= √
2π

z

Z

2 /2

e−t

dt

(10)

−∞

For independent data sampling without a trend, the value of P should be equal to 0.5. A sample
with a large positive trend will have a P close to 1.0; a sample with a large negative trend will have
a P close to 0.0. If the data samples have an in-line correlation, then the data must first be “cleared”,
and the correction obtained is applied to calculate the variance [63].
In this study, a future prediction was made by calculating the percentage change in the linear
Sen’s slope based on the median of the data:
β = median

xi − x j
i− j

!
range (%), ∀ j < i

(11)

where β is Sen’s slope estimate, and xj is j-th observation. With an uptrend, the value of β is positive,
and with a downtrend, β is negative.
To do this, a linear relationship of changes in water table depth under the condition of air
temperature changes over 5-year and 10-year period intervals was identified.
The determined slope between the two variables was determined as a percentage correlation,
and extrapolative changes were determined by adding the arithmetic to the available averages.
To do so, each time series is a variable in X1 , X2 , X3 . . . Xm , based on the solution of the following
equation:
X − Xa
Si = b
, f or i = 1, 2, 3, . . . m
(12)
b−a
where a, b are the averages of the quantities in the time interval (b > a), m is the number of pairs of
data, and Si is the slope for each pair of data and the median value of all calculated slopes is Sen’s
slope estimator.
Based on the above, the average change in the general trend was determined with the following
equation [59]:

Sm + 1


i f m = odd

2

S(m+2)/2
Sm2
(13)
Smed(%) = 
 2 + 2


i f m = even
2
Based on this equation, the Mann–Kendall test can be used to predict changes in water table depth
and salinity that depend on the temperature on slopes. This prediction methodology was developed
in order to compare the accuracy of the linear extrapolation method analyzed unilaterally. This analysis
was performed using XLSTAT software.
3. Results and Discussion
Statistical analysis of the average annual air temperature in the Khorezm region was conducted
from 1928 to 2017. As a result, the 90-year average was 12.961 ◦ C, the maximum was 14.983 ◦ C, and the
minimum was 10.558 ◦ C. The standard deviation was 1.020 (Table 1). There are two meteorological
stations in the Khorezm region: Urgench and Khiva. We used only one station, located in Khiva district,
to assess the climate situation. The main rationale behind using the Khiva meteorological station is:
(a) data accessibility and accuracy, and (b) availability of long-term data.
Table 1. Average annual air temperature at the Khiva weather station for 1928–2017.
Variable

Number of Years

Minimum

Maximum

Mean

Standard Deviation

Average annual air temperature

90

10.558

14.983

12.961

1.020
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Based on the trends in the linear analysis of air temperature changes in 1960–2017, the correlation
coefficient was found to be 0.56 [64]. In Kashmir, the correlation coefficient was 0.68, as determined
by the air temperature analysis from 1980 to 2016 [65]. In 1949–2010, California’s Central Valley
had a correlation coefficient of 0.57 [66]. In our research, the correlation coefficient calculated from
the dynamics of the average air temperature change between 1928 and 2017 was equal to R = 0.71.
This result shows that the average air temperature is directly proportional to the year. Figure 2 shows
that the degree of linear dependence is positively related to the length of the observation period.
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The analysis of the average water table depth and salinity in the districts of the Khorezm region
showed variations during the study period. For instance, in the areas close to the Tuyamuyin Reservoir
The analysis of the average water table depth and salinity in the districts of the Khorezm region
and the Amu Darya River, the water table depths were relatively close to the surface, i.e., 1.25–1.35 m
showed variations during the study period. For instance, in the areas close to the Tuyamuyin
in the Khazarasp district and 1.35–1.45 m in the Gurlen district. In the Bagat and Yangiaryk districts,
Reservoir and the Amu Darya River, the water table depths were relatively close to the surface, i.e.,
the depths were 1.35–1.45 m due to the use of furrow irrigation technology. The average water table
1.25–1.35 m in the Khazarasp district and 1.35–1.45 m in the Gurlen district. In the Bagat and
depth in the Shavat district was approximately 1.45–1.55 m, while that in the Khanka district was
Yangiaryk districts, the depths were 1.35–1.45 m due to the use of furrow irrigation technology. The
average water table depth in the Shavat district was approximately 1.45–1.55 m, while that in the
Khanka district was 1.55–1.65 m. In the Khiva, Kushkupyr, Yangibazar, and Urgench districts, the
average depth was found to be 1.65 m and below. Additionally, the analysis of groundwater salinity
indicated salinities of 1.4–1.5 g·L−1 in the Khazarasp and Khanka districts, which can be explained by
their position near the Tuyamuyin Reservoir. In the Urgench district, the salinity was 1.5–1.6 g·L−1; in
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1.55–1.65 m. In the Khiva, Kushkupyr, Yangibazar, and Urgench districts, the average depth was
found to be 1.65 m and below. Additionally, the analysis of groundwater salinity indicated salinities of
1.4–1.5 g·L−1 in the Khazarasp and Khanka districts, which can be explained by their position near the
Tuyamuyin Reservoir. In the Urgench district, the salinity was 1.5–1.6 g·L−1 ; in the Yangibazar district,
the salinity was 1.6–1.7 g·L−1 ; and in the Khiva and Bagat districts, the salinity was approximately
1.7–1.8 g·L−1 . The groundwater salinity in the Kushkupyr, Shavat, and Yangiaryk districts was found
−1
to be
1.8 g·L
dueREVIEW
to the poor drainage and high salinity (Figure 3).
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IPCC scenarios and the results of our statistical analysis was 0.83; thus, we used statistical models.
In this study, mathematical modeling approach could also be used to have more accurate
findings with regards to the impact of regional climate change on water table depth and salinity
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Meanwhile, the prediction of water table depth regime involves complex solutions. It requires the
study of the strength of relationship between a number of factors and the limits of this relationship.
In this study, water table depth and salinity changes were averaged on a regional scale. Local level
solutions could provide the accuracy of the results, which require further research. Finally, conducting
water-salt balance model would provide more accurate data for salinity changes in the region. This will
be studied in a future investigation.
4. Conclusions
The dynamics of the ameliorative status of irrigated lands of the Khorezm region are estimated and
predicted using the linear regression model and the Mann–Kendall trend test. Based on the estimations
by the linear regression model, the water table depth will be approximately 1.62 m by 2020, 1.75 m
by 2050, and 1.79 m by 2100. The salinity of groundwater will be 1.68 g·L−1 by 2020, approximately
1.97 g·L−1 by 2050, and approximately 2.1 g·L−1 by 2100. Meanwhile, the Mann–Kendall trend test
indicates that the water table depth will be 1.62 m by 2020, 1.72 m by 2050, and possibly 1.77 m by 2100.
Moreover, the test shows that the salinity will be 1.68 g·L−1 by 2020, approximately 1.72 g·L−1 by 2050,
and as high as 1.85 g·L−1 by 2100. These two approaches provided a comparison and an evaluation of
the impact of climate change on groundwater in the region, and confirmed our assumptions.
Based on the above estimations, the region can expect the water table to increase in depth
(although not significant depth) and increase in salinity. These results provide some clear information
for policy-makers to address these potential challenges as part of ongoing and expected climate change
in the region. Moreover, it is evident that irrigated lands may gradually become degraded due to
salinization effects and thus, introducing modern irrigation methods to effectively use existing water
resources will be essential for the region’s sustainable management of land and water resources.
The ongoing implementation of water-saving irrigation technologies (such as drip and sprinkler
irrigation) and the emerging water–energy–food nexus trade-offs could be potential research topics
to support addressing these challenges. However, further research is needed to better explain their
impacts. Additionally, the introduction of a digital agriculture concept to assess water table depth and
salinity levels could provide up-to-date information about the ameliorative status of irrigated lands
in the region.
Finally, it would be interesting to include more scenarios in the future (i.e., climate change with
market/technology/policy changes) that may contribute to the discussion on groundwater management
in the region.
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