QQQ

POoTsSDAM-INSTITUT FUR
KLIMAFOLGENFORSCHUNG

Originally published as:

Romanovska, P., Schauberger, B., Gornott, C. (2023): Wheat yields in Kazakhstan can
successfully be forecasted using a statistical crop model. - European Journal of
Agronomy, 147, 126843.

DOI: https://doi.org/10.1016/j.eja.2023.126843



https://publications.pik-potsdam.de/cone/persons/resource/paula.romanovska
https://publications.pik-potsdam.de/cone/persons/resource/schauberger
https://publications.pik-potsdam.de/cone/persons/resource/Christoph.Gornott
https://doi.org/10.1016/j.eja.2023.126843

10

11
12

13

14

15
16
17
18
19
20
21
22
23
24
25
26
27
28
29

30

31

32

33

34

35

36

Wheat yields in Kazakhstan can successfully be forecasted using a
statistical crop model

Paula Romanovska*?, Bernhard Schauberger? and Christoph Gornott®3

Ipotsdam Institute for Climate Impact Research (PIK), Member of the Leibniz Association, P.O. Box 60
12 03, 14412 Potsdam, Germany;

’Department of Sustainable Agriculture and Energy Systems, University of Applied Sciences
Weihenstephan-Triesdorf, Am Staudengarten 1, 85354, Freising, Germany

3Agroecosystem Analysis and Modelling, Faculty of Organic Agricultural Sciences, University of Kassel,
37213 Witzenhausen, Germany;

paula.romanovska@pik-potsdam.de (P.R.; 0000-0002-1454-4960); schauber@pik-potsdam.de (B.S.;

0000-0001-7917-0392); gornott@pik-potsdam.de (C.G.; 0000-0003-3933-3358)

*Correspondence: paula.romanovska@pik-potsdam.de (P.R.)

Abstract

Wheat production in Kazakhstan is fundamentally contributing to food security in Central Asia and
beyond. It gained even more importance after recent spikes in global food prices in 2022. Therefore,
timely and reliable estimates of Kazakh wheat production are important for food security planning and
management. In this study, we developed a statistical weather-driven crop model that can successfully
hindcast wheat yields at the oblast level up to two months before the harvest. The hindcast of wheat
yields for 1993 to 2021 produces a median R? of 0.69 for the full model run and R? values of 0.60 and
0.37 for two levels of out-of-sample validations, respectively. Based on these yield estimates we
provide a robust hindcast of the total wheat production for Kazakhstan with R? values between 0.86
and 0.73. We forecast total wheat production in Kazakhstan for 2022 to be 12.4 million tonnes and the
average yield to be 0.96 tonnes per hectare, which is 5 % above the production and yield of 2021
(assuming equal areas). The statistical model is run with publicly available weather and yield data and
requires low computational power, making it easily replicable. The forecast model can be used as a
replenishment to currently applied forecasting methods supporting countries in Central Asia to meet
their food demand.

Keywords: Yield forecast; Statistical crop model; Wheat; Kazakhstan; Out-of-sample validation


mailto:paula.romanovska@pik-potsdam.de
mailto:schauber@pik-potsdam.de
mailto:gornott@pik-potsdam.de
mailto:paula.romanovska@pik-potsdam.de

37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64

65
66
67
68
69
70
71
72
73
74
75
76

77
78
79
80
81
82
83

1. Introduction

Global wheat production is fundamental for food security providing over 20 % of global calorie intake
(Lephuthing et al., 2021). At the same time prices for grains reached their record high in spring 2022
after the invasion of Russian forces in Ukraine which has aggravated existing tensions in the food
market (Glauben et al., 2022) and accelerated increasing energy prices. The war comes on top of
existing challenges that have already disrupted the agricultural commodities market: the COVID-19
pandemic, shipping constraints, land degradation and recent extreme events that are rising under
human-made climate change (Barbier & Hochard, 2018; Behnassi & El Haiba, 2022; Nicas, 2022).
Subsequent high prices and grain scarcity severely affect food security in some vulnerable food-
importing countries (Behnassi & El Haiba, 2022). This makes reliable wheat production in high-
producing regions even more important. One of those regions is Kazakhstan. In 2020, the country was
the top 14" producer of wheat with a national production of above 14 million tonnes. This is around
70 % of the production of Ukraine and 17 % of the production of the Russian Federation (Bureau of
National Statistics Kazakhstan, 2022; FAO, 2022a). Together the three countries were often referred
to become the world’s “bread basket” (Swinnen et al., 2017). The Kazakh wheat production is
important for food security in the whole region as the main share of wheat exports goes to other
Central Asian countries and the wheat quality is high (Schierhorn et al., 2020; USDA, 2010). However,
Kazakhstan has shown highly variable annual wheat production ranging between 4.7 and 22.7 million
tonnes since 1992 (FAQ, 2022a). The export share of wheat also showed high variability with values
between 20 % and 65 % of the annual production (USDA, 2010). Kazakhstan exported around 9 million
tonnes of cereals in 2021 (FAO, 2022b) and was the 12™ largest wheat exporter (WITS, 2022). Key
importers of Kazakh wheat are Uzbekistan, Tajikistan and Afghanistan (USDA, 2022b), which underlines
the high importance of Kazakh wheat production for food security in Central Asia. The wheat trading
in the region was and is disrupted by the Russian grain export restrictions, political uncertainties after
the Taliban takeover in Afghanistan and pandemic-related border restrictions, especially in China. This
led to increased exports to several countries outside of Central Asia, namely to Italy, Azerbaijan and
Turkey, while still Central Asia and Afghanistan remain the main destination for Kazakh grain exports
(USDA, 2022b).

Wheat yields are generally low in Kazakhstan compared to the other high-producing countries due to
adverse climate conditions (a short growing season with high temperatures in summer and harsh
winter temperatures as well as limited water availability) and low input use (fertilizers and pesticides)
(Schierhorn et al., 2020). Kazakhstan is estimated to have the highest wheat yield gap of the high-
producing countries reaching 70 % (Senapati et al., 2022). Kazakh rainfed wheat production is largely
dependent on the weather conditions. The influence of precipitation could be seen in the dry year of
2021 where the production was 21 % lower than the year before (Bureau of National Statistics
Kazakhstan, 2022). Agricultural production is at risk due to a tendency towards intensive land
degradation and desertification, salinisation, and decreasing soil fertility (Saparov, 2014).
Furthermore, the Asian Arid Zone, within which Kazakhstan is located, is particularly sensitive to
climate change and showed a past temperature increase above the global average over land (Salnikov
et al., 2015; Schierhorn et al., 2020).

Given the low average yields in Kazakhstan, their high variability in percentage terms as well as further
pressure on global and regional yields due to climate change, it is essential to have good estimates of
production before harvest to timely plan the distribution of food and ensure food security in Central
Asia and beyond. Numerous studies have developed yield forecasts based on satellite data, climatic
variables and soil properties on various spatial scales (Cai et al., 2019; Luo et al., 2022). Nevertheless,
according to our knowledge, little research has been done on national yield forecasting in Central Asia.
This is also shown by a systematic review of yield forecasting approaches done by Schauberger et al.
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(2020). They analysed 362 scientific studies conducting yield forecasts published between 2004 and
2019 and found none in a Central Asian country. To our best knowledge, national forecasts of wheat
production from the government of Kazakhstan are mainly based on work-intensive field
measurements. Operational yield forecasts on the national level are provided furthermore by the
European Commission with the MARS Crop Yield Forecasting System, the United States Department of
Agriculture (USDA) and the Food and Agricultural Organisation (FAO). The forecasting tool by the
European Commission is based on satellite observations, meteorological data, meteorological
forecasts, agro-meteorological and biophysical modelling, and statistical analyses (European
Commission, 2023). USDA’s crop production forecasts in Kazakhstan use information from agricultural
experts, official governmental statistics, the analysis of economic data and satellite imagery (USDA,
2022c). The FAO bases its forecasts on ground-based information and satellite data (FAO, 2020).

Therefore, in this study, we provide a statistical wheat yield hindcast for Kazakhstan at the oblast level
from 1993 to 2021 based on weather indices and use it to forecast total national wheat production in
a fully blind validation for 2022. To assess the skill of the model we included two levels of out-of-sample
validations. The forecast for 2022 is compared to national forecasts by FAO, USDA and the European
Commission (European Commission, 2022; FAO, 2022b; USDA, 2022c).

2. Data and Methods

2.1 The study Region
Kazakhstan is located in the centre of Asia and covers 2.7 million square km making it the ninth biggest
country in the world (Dana et al., 2009). The climate is dominated by its high continentality leading to
hot summers and cold winters as well as low annual rainfall (Salnikov et al., 2015). Wheat production
is mainly rainfed and thus sensitive to climate variability and climate change (Karatayev et al., 2022).
Frequent drought events have been observed since 1770 (Zhang R. et al., 2017) disrupting stable
agricultural production.

Average wheat production showed high variability in the past due to fluctuations in yield and total
production area. After peaking at 19.6 million hectares in 1969 the wheat growing area steadily
declined in the 1970s as low-yielding fields were taken out of grain production. The production area
declined again in the 1990s after the breakup of the Soviet Union. The wheat area started to rebound
only in the 2000s (USDA, 2010). Yields were and are generally low compared to other world regions
and only reach more than two tonnes per hectare in a few years and for some oblasts. Higher yields
can be achieved in years of high rainfall, but the drought-prone area suffers from low yields due to
little rainfall in around two out of five cropping seasons (Shmelev et al., 2021; USDA, 2010).

More than 90 % of the wheat is sown as spring wheat (Abugalieva et al., 2010), as the climate in most
of the country is more favourable for spring wheat than winter wheat. Winter wheat is only grown in
parts of the south of Kazakhstan. This justifies a focus on the spring wheat growing season within this
study. Spring wheat is sown from March to May and harvest begins in August (Alchemyka, 2022; Wang
et al.,, 2022) with the earliest planting in the south and the latest harvesting in the north. While
Kazakhstan consists of 14 administrative territories (oblasts), 75 % of the production is in the plains
and lowlands of three oblasts located in the north: Agmola, North Kazakhstan, and Qostanay (USDA,
2010; Wang et al., 2022).

2.2 Input data
The inputs of the regression model are observed yield data and agroclimatic indices based on weather
data. As a source for past weather data, we chose ERAS5 (fifth generation of European Centre for
Medium-Range Weather Forecast (ECMWF) atmospheric reanalyses), the latest high-resolution
reanalysis data set produced by ECMWEF. It combines vast amounts of historical observations into
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global estimates using advanced modelling and data assimilation systems (Hersbach et al., 2019, 2020).
ERAGS is available around two months behind real-time. Additionally, we used the initial release data
ERAST for June and July 2022 as it is available about 5 days behind real-time and thus needed for a
timely forecast.

We obtained data on yield, production and production area at the oblast level from the Agency for
Strategic Planning and Reforms of the Republic of Kazakhstan - Bureau of National Statistics (Bureau
of National Statistics Kazakhstan, 2022). The complete time series of yield, production and production
area of wheat from 1993 to 2021 is visualized in the Supplementary Information Figure S1 and the
wheat production in 2021 is shown in Figure 1. The data displayed shows the combined winter and
spring wheat, as to our best knowledge separate data for the two cultivars is not available for the
complete time period since 1993 from a public source. The data time series is complete for all oblasts
but Atyrau, Mangghystau and South Kazakhstan, three oblasts with low or no production. For Atyrau
and South Kazakhstan, the last years contain missing entries and for Mangghystau no data was
reported for any year. The arid climate in the southwest of Kazakhstan hampers wheat production and
could explain the missing entries in Atyrau and Mangghystau. The production is highest in the North
of Kazakhstan (Agmola, North Kazakhstan, and Qostanay) and decreases towards the South, where the
reported production declines to a few thousand tonnes per oblast. Personal discussions with
agricultural experts in Kazakhstan testify to the reported annual variability of wheat production.
Namely, the high-yielding years of 2009 and 2011 as well as the low-yielding years of 2010 and 2012
were frequently mentioned. As an exception, it was pointed out that the total wheat production in
2008 was likely up to 3 million tonnes below the reported one.
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Figure 1: Reported wheat production in 2021 [mil t] in each oblast. The data source is the Bureau of National statistics
Kazakhstan (2022).

Additionally, crop planting and harvesting dates of spring wheat were used in this study to define the
growing season. These were taken from conversations with agricultural experts from the Analytical
Centre of the Economic Policy in Agricultural Sector (ACEPAS) - a local private crop forecast agency -
and verified with crop calendars of the Center for Sustainability and the Global Environment (Sacks et
al.,, 2010) and the United States Department of Agriculture - Foreign Agricultural Service (USDA,
2022a). The earliest planting date was thereby set to the 15 of April and the latest harvesting date to
the 30" of September. This covers the planting period of spring wheat in the whole of Kazakhstan with
the earliest planting in the south and the latest harvesting in the north. Due to a lack of region-specific
data, we used the same crop calendar for the whole of Kazakhstan.
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2.3 Model setup

We developed a statistical regression model following the approach of Gornott & Wechsung (2016),
Laudien et al. (2022) and Schauberger et al. (2017) to hindcast wheat yields for 1993-2021 and forecast
wheat yields for 2022. We used the R (R Core Team, 2022) packages caret, gimnet, tidyr, dplyr and
ggplot. To account for the diverse climate conditions in Kazakhstan, we set up a different model for
each oblast following the flow chart in Figure 2 and steps A to E described in detail below. A more fine-
grained analysis at a smaller administrative level was not possible due to the unavailability of reliable
yield data.

A. PRE-PROCESSING DATA B. VARIABLE SELECTION
s N 4 ™) 4 A T
Weather data Split into Create and | 1) ~ Remove all agroc\!mat\c
(ERAS5) growth periods standardise variables | variables with near zero variance )
\ 7 7
p \ p \ /2] Of groups of stronglﬁ
Yield data Detrend and correlated variables (r > 0.6),
(reported data) demean Log-transformation =1 keep only the one with highest
\ J \ J correlation with yields.
3) Pick up to 6 variables with
Production area LASSO. If non selected choose 6

Qvith highest correlation to yield/

(reported data)

1
E. ABSOLUTE YIELDS AND PRODUCTION D. VALIDATION C. REGRESSION MODEL
¥
Calculate Recalculate Out-of sample validation: Regression model on oblast
total absolute 1st order: coefficients level forecasts logarithmic,
production yields 2nd order: variables detrended yield anomalies
Data [ Process Model

Figure 2: Flow chart of yield model.
A. Pre-processing of agroclimatic variables and yield data

Based on daily maximum and minimum temperature, precipitation and near-surface relative humidity,
we created 20 agroclimatic variables that describe either potential stress or growth factors (listed in
Table 1). In the literature, these variables were found to be relevant for wheat production or were
successfully used in statistical crop models.

Temperature and water availability have a main influence on potential crop growth. We aim at
covering these aspects in the model by including the agroclimatic input variables listed in Table 1 and
described in the following.

Because of the connection between temperature and plant development, growing degree days (GDD)
are often used as a predictive indicator for crop development (Dar et al., 2018). Next to the median
minimum and maximum temperature in the growing season, we considered variables related to low
and high-temperature extremes as both can decrease the rate of dry matter production or even lead
to crop failure (Grace, 1988; Porter & Gawith, 1999). Plant development of wheat is slower below an
optimum temperature range, considered to be inactive below 0°C and plants might be irreversibly lost
beyond a lethal limit that depends on the growth stage and is well below 0°C (Nagai & Makino, 2009;
Porter & Gawith, 1999). To cover these aspects we included the region-specific long-term 5" and 1°
percentile of minimum daily temperature, the sum of frost degree days (below 0°C) and the sum of
chilling degree days (below 10°C). High temperatures can adversely affect the flowering and
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reproductive growth of wheat and are associated with decreasing relative humidity affecting yield
potential (Meng et al., 2017). To represent different levels of high-temperature extremes, we included
heat degree days above 35°C as well as the 95" and 99" percentile of maximum daily temperature as
variables. Additionally, crop yields respond to the diurnal temperature range (DTR, difference between
maximum and minimum daily temperature) since some plant processes (e.g. photosynthesis) happen
only during the day, while others (e.g. crop development) are nonlinearly related to temperature
during the day and night. A higher DTR is furthermore related to higher solar radiation, which can
benefit crop growth, especially in case of sufficient water availability. A higher DTR can also lead to
decreases in yields in case of higher frost occurrence (Lobell, 2007). To cover the named processes
related to the DTR we included the mean DTR as well as the standard deviation of the DTR as variables.

As wheat production in Kazakhstan is mainly rainfed, it highly depends on water provided by rainfall
during the growing season. Therefore, we included the precipitation sum as an agroclimatic variable.
On the one hand, heavy rainfall events can adversely affect crop growth by damaging the crop canopies
or limiting root and plant functions through anoxic soil conditions (van der Velde et al., 2012) and on
the other hand, it can positively impact crop production in semi-arid areas by wetting deeper soil
layers. Taking those effects into consideration, we included the number of high rainfall events above
15 mm and above 30 mm. Long dry spells during the sowing season lead to a high risk of crop failure
(Liakatas, 1997). To account for the damaging impacts of dry spells, we included consecutive dry spells
of at least 7 and 20 days. Drought conditions were additionally covered by the standardized
precipitation—evapotranspiration index (SPEI) (Vicente-Serrano et al., 2010). The SPEIl is based on the
calculation of a water balance and incorporates the effects of temperature variability on
evapotranspiration. Precipitation before the growing season was shown to also have a positive effect
on yields through conserved soil moisture (Meng et al., 2017). Thus, we considered the 12-month SPEI
taken on the 31% of July which covers the average drought conditions of the whole year next to the 4-
month SPEI which covers the drought conditions of April-July.

Humidity can affect crop development in two ways. First, it can directly affect the plant by altering the
water content of the plant. Second, humidity can affect growth indirectly by influencing
photosynthesis, pollination, leaf growth and pests and diseases (Zhang P. et al., 2015). Accounting for
possible negative and positive effects of humidity, we included mean near-surface relative humidity as
a variable.

gdd growing degree days with tbase = 0°C and values above 30°C are
counted as 30°C

tasmin median of daily minimum temperature

tasmax median of daily maximum temperature

ahdd accumulated heat degree days (summing degrees over 35°C up)

afdd accumulated frost degree days (summing degrees below 0°C up)

acdd accumulated chilling degree days (summing degrees below 10°C up)

tmax95 95t percentile of maximum daily temperature

tmax99 99t percentile of maximum daily temperature

tmin05 5% percentile of minimum daily temperature

tmin01 1°t percentile of minimum daily temperature

DTR mean diurnal temperature range (difference between minimum and
maximum daily temperature)

DTR_sd standard deviation of diurnal temperature range

pr mean precipitation

15mm number of days with rainfall above 15mm/day
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30mm number of days with rainfall above 30mm/day

dry7 number of dry spells with a length of at least 7 days (day with < 0.5 mm
is defined as dry)

dry20 number of dry spells with a length of at least 20 days (day with < 0.5
mm is defined as dry)

speid Standardised Precipitation-Evapotranspiration Index (SPEI) at a 4-
month time scale taken at 31° of July

speil2 SPEl at a 12-month time scale taken on the 31 of July

hurs mean near-surface relative humidity

Table 1: Definition of agroclimatic variables used as input for the regression model.

The variables were separately calculated for three phases of the growing season, the first one from
planting until the beginning of stem elongation, the second one until the end of flowering and the third
stage until the forecast date 31°' of July. The phases were defined for each year separately according
to GDD thresholds as defined by Miller et al. (2001) (Table 2). These thresholds of plant growth stages
according to GDDs were taken from experiments with hard red wheat in semiarid Saskatchewan
(southern Canada) owing to the scarcity of equivalent data in Kazakhstan. The values are meaningful
approximations for wheat in northern Kazakhstan due to the similar climate and the classification of
most wheat in northern Kazakhstan as a hard red spring type (Morgounov et al., 2007). Still, the GDD
thresholds might not match all cultivars, especially those in the south of Kazkahstan. To hindcast and
forecast yields before harvest, we included only the weather data up to two months before the last
day of reported harvest (30" of September), thus in this case until 31% of July.

Phase of growing season | Growth stage Number of GDDs
Phase 1 until the beginning of stem elongation 0-592 GDD
Phase 2 until the end of flowering 593 - 901 GDD
Phase 3 until forecast date 902 GDD —end

Table 2: Definition of growing season phases.

As the last step, we standardized the weather variables by subtracting the mean and dividing this by
the standard deviation of each variable. This allows for a consistent interpretation of the variable
coefficients.

To eliminate long-term trends due to management changes, we detrended the yield time series with
the method (mean, linear, quadratic, and cubic) that resulted in the lowest Akaike Information
Criterion (AIC). Then we took the logarithmic values of yield to adjust the yield input data to a Gaussian
distribution.

B. Variable selection

At first, we removed all variables that showed near zero variance. Specifically, we excluded predictors
that are subject to both of the following two characteristics: (1) the ratio of the frequency of the most
common value to the second most common value is more than 10 and (2) the most common value is
present for more than 50 % of the total sample. The thresholds were defined visually and empirically.
The chosen values have been proven to be useful here to exclude not only predictors that have no
variance but also predictors which have only differing values for one or two years, as was the case e.g.
for heavy rainfall events in some oblasts. Next, we checked which variables are collinear (Pearson
correlation coefficient > 0.6). From each group of collinear variables, we only kept the one variable
with the highest correlation to yield anomalies. The final variable selection was done with LASSO and
was set to allow for a maximum of 6 variables. In case LASSO selected more than 6 variables the ones
with the lowest correlation to yield were removed. We set this maximum to avoid overfitting and
tested that allowing for more variables does not improve the out-of-sample validations further.
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C. Regression model

Finally, we applied an individual linear regression model for each oblast following Eq 1.
log(ys) = Bo + Zf:l BjiXjei + €t (1)

y — detrended and demeaned response variable (i.e. yield)
B — beta coefficient

Bo — intercept

x — standardized input variables (i.e. agroclimatic indices)
& —error term

t—Tyears (t=1,..7)

i — N spatial units (i.e. oblast) (i = 1,...N)

j—Jvariables (j=1,..J); J<6

D. Model testing and validation

We performed the Breusch-Pagan test against the heteroscedasticity of model residuals and the
Shapiro-Wilk test for a normal distribution of residuals.

The robustness of the yield model is assessed by performing two out-of-sample validations based on
Laudien et al. (2020).

First level out-of-sample: we selected the agroclimatic variables with LASSO based on data from all
years. Then we subsequently removed one year from the data set and fitted the coefficients to
simulate yields for the removed year.

Second level out-of-sample: we subsequently removed one year from the data set and selected the
variables with LASSO based on the reduced data set. We then fitted the coefficients and simulated
yields for the removed year. The second level out-of-sample validation represents the operational case
as it does not use any information from the year to be hindcasted.

We used the standard model evaluation index R? (coefficient of determination) to explain the degree
that our input variables (agroclimatic indices) can explain our output variable (yield). R? ranges from 0
to 1, whereby 1 indicates a perfect model fit.

R2 = 1 — SSres (2)
SStot

SS,es —sum of squares of residuals (modelled minus observed value)

SS;o¢ — total sum of squares (sum over all squared differences between the observations and their
overall mean)

E. Recalculating yields and total production

The regression model results in estimates of detrended, logarithmic yield anomalies. To obtain the
predicted actual yields, we transformed the detrended, logarithmic yield anomalies back to their actual
values.

Finally, we calculated the predicted total production in Kazakhstan by multiplying the predicted yield
with the production area for each oblast and summing over all oblasts. To forecast the production for
2022, we assumed the same production area for wheat in 2022 as in 2021. This approximation is
plausible according to data by USDA (USDA, 2022b) estimating a similar total production area and the
JRC MARS Bulletin (European Commission, 2022) estimating a 4 % higher area for 2022 as was reported

8
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for the previous year. We included only oblasts for which an official yield time series since 1993 is
available without missing years to ensure the comparability between all years. This excludes Atyrau
and South Kazakhstan. Due to their low wheat production in the reported years (around 2 % of the
national production) and the unavailability of data in recent years (Figure Sic), we assume that the
model covers approximately 98 % of total production.

3. Results

3.1 Validating the hindcast model

The model can hindcast actual yields reasonably well in all oblasts with R? values ranging between 0.45
and 0.93 and a median R? of 0.69 (R? values for each oblast are shown in Figure 3). The median R?
decreases to 0.60 and 0.37 for the two out-of-sample validations, respectively. The R? values are
slightly lower for the logarithmic, detrended yield anomalies (shown in Figure S2). LASSO selected
between 1 and 13 variables for the different oblasts (on average 4.3 variables) whereby only in two
oblasts more than the 6 variables, that we restricted the selection to later manually, were selected.
Residuals were normally distributed for ten out of thirteen oblasts (Shapiro-Wilk test).
Heteroscedasticity did not appear in any of the models (Breusch-Pagan test).

in sample (actual yield) 1st O0S (actual yield) 2nd 0O0S (actual yield)

r2_re
m 1.00

0.75
0.50
0.25
. 0.00

Figure 3: Model performance measured as R? for the actual (recalculated) yields from 1993 to 2021 at the oblast level. The left
map (in sample) shows the model performance for the complete time series, the map in the middle (15t O0S) shows the 1%t
out-of-sample validation and the right map (2" O0S) the 2" out-of-sample validation. The median R? over all oblasts is shown
in the upper left corner of each map.

Nevertheless, the model cannot capture all extreme years and shows some outliers for individual years
and oblasts (Figure 4). The 2" order out-of-sample simulations show unreasonable high yields in single
years in Atyrau and Aqtébe. The out-of-sample model performance is lower for the low-producing and
arid oblasts in the west of the country. For the high-producing oblasts, Agmola, North Kazakhstan, and
Qostanay, the out-of-sample validations show more robust results with no outliers and R? values for
the 2" order out-of-sample of 0.51, 0.46 and 0.58 respectively (Figure 4 & Table S1). These values are
well above the country median of 0.37.
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Figure 4: Time series of observed and simulated yield (in t per hectare) for each oblast including the 1st and 2nd order out-of-
sample. The R? values for the full model and the 15t and 2" out-of-sample are written in the upper part of each graph.

The variables that were selected by Lasso in the model are related to precipitation sums in the whole
growing season (pr, sprei4, speil2) and in the second growth period (pr_2), single high rainfall events
in all three growth periods (mm15_1, mm30_1, mm15_2, mm30_2, mm15_3), dry spells in all three
growth periods (dry20_1, dry7 1, dry20_ 2, dry7 2, dry20_3), cold temperatures (acdd, acdd_2,
acdd_3, tasmin), cold temperature extremes (tmin05_3), high temperature extremes (ahdd_1,
ahdd_3, tmax99_2), the temperature range (DTR_sd, DTR_sd_2, DTR _sd_3, DTR_1) and mean near-
surface relative humidity (hurs, hurs_1, hurs_3). Precipitation sums, a positive SPEI value, single
precipitation events and near-surface relative humidity show consistently positive coefficients while
dry spells show negative ones. Higher mean minimum temperatures and less chilling degree days
show, with one exception, a negative influence on yields. Coefficients of high and low-temperature
extremes are negative in the second and third growth stages (ahdd_3, tmax99 2, tmin05_3) and
positive in the first growth stage (ahdd_1). The DTR (DTR_1) was once selected by Lasso with a negative
coefficient. The standard deviation of the DTR (DTR_sd, DTR_sd_2, DTR_sd_3) shows predominantly
positive influences on wheat production.
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thus stands for precipitation sum in the second growth stage. No ending indicates the average over the complete growing
period up to the forecast date. Oblasts in which the variable was not selected, are shown in grey.

3.2 Hindcast of total Kazakh wheat production
We further used the yield hindcast model at the oblast level to estimate total wheat production in
Kazakhstan by multiplying the predicted yield by the wheat production area of each oblast and
summing the production over all oblast (Figure 6a). The time series of observed and simulated total
production are shown in Figure 6b. The R? values for the total production hindcast range between 0.86
and 0.73.
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Figure 6: Time series of a) total observed wheat production area and b) observed and simulated total wheat production in
Kazakhstan including the 1st and 2nd order out-of-sample. The R? values for the full model and the 15t and 2@ out-of-sample
are written within the graph.

We additionally run the total production model considering only the three oblasts with the highest
production (Agmola, North Kazakhstan and Qostanay). The graphs for the total production are shown
in the Supplementary Information (Figure S3) and largely agree with Figure 6b) since these three
oblasts are dominating the total Kazakh wheat production. Still, the R? values are slightly higher when
considering only the three oblasts with 0.88, 0.83 and 0.78 compared to 0.86, 0.81 and 0.73.

3.3 Forecasting wheat yield and production for 2022

We applied the model to the year 2022 to get a completely independent forecast of yields for each
oblast and the total Kazakh production. This is tantamount to an operational forecasting mode, where
no information on yields from the target year is available at the time of forecasting. The forecasted
yields at the oblast level are displayed in Figure 7 and listed in the Supplementary Information, Table
S1. The forecasted total production in the 11 oblasts, excluding Atyrau, Mangghystau and South
Kazakhstan, is around 12.4 million tonnes for 2022. The forecasted wheat production in the three
oblasts with the highest production (Agmola, North Kazakhstan and Qostanay) sums to 9.85 million
tonnes.

12



369
370

371
372
373
374
375

376
377
378
379
380

381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397

55—
forcasted
ield [t/ha
ey y ;0 ]
Z .
o
[0} 1.5
O
2
= 1.0
(1]
—
0.5
45 -
0.0
40 -

50 60 70 80
Longitude (°E)

Figure 7: Yield forecast for 2022 in tonnes per hectare at the oblast level.

4. Discussion
We provide and validate a seasonal hindcast of wheat yields at the oblast level and total wheat
production at the national level in Kazakhstan from 1993 to 2021. Furthermore, we run a completely
independent national production forecast for 2022. The model has the advantage of requiring low
computational power and little input as it is solely based on yield and weather data.

The model shows high accuracy in hindcasting wheat yields during the growing season up to two
months before harvest (R? of 0.69) and attains satisfying out-of-sample validations (median R? of 0.60
and 0.37). Thus, the model can explain at least 37 % of the yield variability (when applying the rigorous
second-level validation) only by accounting for weather anomalies up to the 31t of July. This underlines
the high influence of weather on wheat production in Kazakhstan.

The model clearly shows the importance of precipitation sums, high precipitation events, high
humidity, and the absence of longer dry spells and droughts for wheat production in the whole of
Kazakhstan and throughout all growth stages. Sufficient precipitation was found to be most relevant
foryield in the second growth stage between stem elongation and the end of flowering. Water scarcity
during the growing season is also stated and analysed as the major stress factor for wheat production
in Kazakhstan by various other studies (Babkenov et al., 2020; Fehér et al., 2016; Pavlova et al., 2014;
Shmelev et al., 2021). The variable selection shows that minimum temperatures below 10°C have a
predominantly positive effect on wheat yields and high minimum temperatures were negatively
associated with yields in all growth stages. Night temperatures might influence crop production
through the following two processes. First, high night temperatures (20°C and above) over a longer
period were shown to lead to decreased photosynthesis and lower grain yields (Prasad et al., 2008).
Second, lower night temperatures are associated with higher solar radiation as cloud-free nights are
cooler. The DTR and its standard deviation can also give some information on the variability of cloud
cover within a growth stage. This, in return, influences solar radiation as well as precipitation. Our
results regarding the DTR and its standard deviation point to the correlation that a higher mean DTR
in the first growth stage can lead to lower yields while a higher variability of DTR in any growth stage
can lead to higher yields. The DTR in the second growth stage in East Kazakhstan does not fit this as
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the model coefficient for this variable points in the opposite direction. Variables related to mean
maximum temperature and growing degree days were not selected pointing to the already sufficient
heat units available during the growing season in all years. According to the variable selection, the
correlation between high-temperature extremes and yields is negative except for the first growth
stage, where high temperatures show a positive effect on crop growth.

Most of the variables were selected throughout different growth stages and the coefficients show the
same sign. Only for heat degree days, the sign of coefficients differs between growth stages, pointing
to a positive influence of hot temperatures on yield in the first growth stage and a negative one in the
third growth stage. Thus, the different influence of weather on wheat depending on the growth stage
is not clearly shown by the model results. This might also be due to the uniform definition of the growth
stages according to GDDs over the whole of Kazakhstan despite the use of different cultivars.

Compared to indices related to precipitation, variables related to high-temperature extremes were not
as often selected by the model. Wang et al. (2022) and Schierhorn et al. (2020) analysed the influence
of climate on crop production and also found that extremely high temperatures had little impact on
wheat production in Kazakhstan. We can conclude that under current climate conditions drought
stress has a higher negative impact on wheat production than high-temperature stress. As the effect
of temperature extremes on crop growth is discontinuous, the negative impact of high-temperature
extremes might still come into play in the future after a specific warming level has reached under
climate change. According to our modelling results, high minimum temperatures and the absence of
enough chilling degree days are already now negatively correlated to yields. This will become more
relevant under further increasing temperatures. Precipitation amount and distribution showed a high
influence on crop yields. Precipitation in the future would need to rise at least by the amount of
additional evaporation due to global warming to achieve similar yields in the future. While the latest
climate models project a robust increase in mean annual precipitation in Central Asia, the changes also
include a seasonal shift with a wetter spring and a dryer summer season (Jiang et al., 2020). Only a few
studies exist that analyse subsequent influences on future wheat yields in Kazakhstan and those do
not agree on a future trend (compare IPCC WG2 (2022)). Furthermore, the influences of climate change
on wheat production are spatially diverging over Kazakhstan according to Schierhorn et al. (2020) and
Wang et al. (2022).

The R? of the total production hindcast in Kazakhstan ranges between 0.86 (fitted) and 0.73 (level 2
out-of-sample) underlining the operability of the production forecast. The hindcast for total production
also covers extreme years. The high-producing years 2009 and 2011 as well as the low-producing years
2010 and 2012 are to a satisfying degree represented. When running the model only with the high-
producing oblasts, the R? values for the total production hindcast can even further be increased with
values between 0.88 (fitted) and 0.78 (level 2 out-of-sample). This might be due to first, a higher data
uncertainty in areas with low production, second, a high proportion of crop failure which is only
partially recognized by the statistical model, third, the uniformly set GDD thresholds that fit better to
the wheat production in the north, and, forth, the uniformly chosen crop calendar for spring wheat
that is likely apt for the highly productive areas in the north of Kazakhstan, but not for the west or to
the winter wheat in the south. Differences between modelled and reported data might not only come
from model errors but also to some extent from errors in the reported data.

The high R? values for the total production hindcast are only to some extent due to the high yield model
performance. We see two additional determents for the goodness of fit: First, errors with opposite
signs can cancel each other out by summing the production over all oblasts and, second, including the
known production area increases the goodness of the model. The second point underlines the
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importance of having good estimates of the production area to ensure that the model can perform in
a real case equally well.

With this model, we provided a completely independent yield and production forecast up to two
months before harvest at the oblast and national level for 2022. Total wheat production in 2022 is
forecasted to be 12.4 million tonnes for the whole country but Atyrau, Mangghystau and South
Kazakhstan. The actual numbers at the national level might be slightly higher due to the exclusion of
oblasts and the possibly higher production area in 2022 (European Commission, 2022). The average
yield is forecasted to be 0.96 tonnes per hectare and thus 5 % above the low-yielding last year but still
well below the high-yielding year 2020. Other wheat yield forecasts that compile and harmonize data
from different sources project a higher increase of 11.7 % (FAO), 19.4 % (MARS Crop Yield Forecasting
System) and 11.8 % (USDA) for 2022 compared to 2021 (European Commission, 2022; FAO, 2022b;
USDA, 2022c). Forecasts for winter wheat in the south of Kazakhstan are especially high with a 57 %
increase compared to 2021 (European Commission, 2022) and partially drive the high overall increase
in wheat. As our statistical model is not fit to winter wheat, this potentially high increase in production
in the south is likely not covered and underestimated. Official observational data from the Bureau of
National Statistics have not yet been released.

Processes that cannot or only to a limited extent be covered by the model are pests and diseases,
increasing soil degradation and varying agricultural management practices like fertilizer input. High
costs of fertilizer in 2022 are for example not accounted for in the model and might have led to less
fertilizer use and thus lower yields. Errors in observations (weather and yield) as well as the necessary
aggregation of agroclimatic variables over a large area add further uncertainties to the model. Separate
data on spring wheat yield instead of the combined winter and spring wheat data could lead to more
accurate results in the south of Kazakhstan. Additionally, not all influences of weather on yield might
be covered by the chosen agroclimatic variables. Namely, non-linear processes and interactive terms
were partially neglected. Existing discontinuous threshold responses to temperature and precipitation,
might not be caught by the model. The model could further be improved by introducing differing
growing seasons and definitions of growth stages instead of uniform ones over the whole of
Kazakhstan.

A large part of Kazakh wheat was exported in the last years. After a disrupted global agricultural
commodity market following the invasion of Russian forces in Ukraine, the Kazakh government
introduced grain export restrictions in April 2022 leading to a limit on wheat export to guarantee
domestic grain stocks and control national wheat prices (USDA, 2022b). The restrictions were
suspended in September 2022 (FAO, 2022b) contributing to the stabilization of the global wheat
trading market. In line with this, FAO forecasts wheat exports from Kazakhstan to be almost 9 million
tonnes in the season 2022/23 and thus only slightly below the average of the recent years (FAO,
2022b). Nevertheless, even constant total export rates can lead to considerably lower wheat
availability in single countries as export flows from Kazakhstan have substantially changed their
distribution between buyer countries in recent years. Decreases in wheat exports were already
observed in 2021 especially to geographically close countries, namely Afghanistan (-11 %), Tajikistan (-
17 %), Kyrgyzstan (-79 %), China (-92 %) and Russia (-46 %) (USDA, 2022b). Rising wheat prices might
aggravate this tendency this year constraining food security in Central Asia despite stable wheat
production in the main producing country Kazakhstan.

In light of multiple conflicts and economic crises, increasing climate change and degrading soil
conditions in Kazakhstan, food security in the region is at risk. Efforts in improved agronomy and
developing and applying drought-resistant varieties can contribute to closing the existing high yield
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gap (Morgounov et al., 2013; Senapati et al., 2022) and thus can help to minimize the risk of food
insecurity in Kazakhstan and the whole of Central Asia.

5. Conclusions

In this paper, we developed a statistical wheat yield and production hindcast model at the oblast level
in Kazakhstan based on yield and weather data from 1993 to 2021. The hindcast of yield at the oblast
level produces a median R? of 0.69. We stringently evaluate our model in a double out-of-sample
validation that produces a median R? of 0.60 and 0.37. The selection of climate variables in the model
allows us to conclude that mean precipitation and precipitation distribution are most crucial for wheat
production and that high minimum temperatures hamper wheat growth in Kazakhstan. This highlights
the risk for yield declines due to increasing climate change, whereby spatial differences were observed.
The hindcast of total production at the national level shows high performance with R? values between
0.86 and 0.73. Higher R? values are reached for the forecast in the three high producing oblasts in the
north. This underpins the operability of this forecast, especially in northern Kazakhstan, which we
advise using as a replenishment to field measurements that are currently the main source for national
forecasts. The total wheat production in Kazakhstan for 2022 is forecasted to be 12.4 million tonnes
and yields are forecasted to be 5 % above the year 2021. The forecasted increase compared to the
previous year is in line with other forecasts, namely by FAO, USDA and the European Commission. Still,
all three other sources forecast a higher increase between 11.7 and 19.4 %. Due to a disrupted trading
market, the relatively high production might still lead to less wheat availability in neighbouring
countries. The high performance and the interpretability of the model show that wheat production
can be reasonably well estimated two months before the end of harvest using a simple statistical
model based on publicly available weather and yield data. Such models can be used for operational
forecasts to inform about looming food shortages and needed agronomic inventions to avert food
shortages.
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