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Abstract. Crop yield prediction is important for food security, agricultural
planning, and effective resource management, particularly in Northern
Kazakhstan, where agricultural production is strongly influenced by climate
variability. Changes in temperature and precipitation can affect crop productivity
and cause considerable differences in yield between years. The aim of this study is
to develop, compare, and evaluate machine learning regression models for wheat
yield prediction in the North Kazakhstan Region using climatic data. A dataset
covering 1990-2025 was prepared using official crop yield statistics from the
Bureau of National Statistics of the Republic of Kazakhstan and climatic data
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from the NASA POWER database. Daily climatic data were collected from five
representative geographical points across the North Kazakhstan Region. The
climatic variables included average, minimum, and maximum air temperature
and precipitation. Daily temperature values were aggregated into annual mean
values, while precipitation was summed to obtain annual totals. The annual values
from the five geographical points were then averaged to obtain representative
regional indicators. Several regression algorithms were compared, including
Linear Regression, Random Forest, Gradient Boosting, Bagging Regressor,
Decision Tree, and XGBoost. A hybrid model combining XGBoost and Gradient
Boosting was also evaluated. Wheat yield was used as the target variable, while
climatic variables were used as predictors. To preserve the temporal structure
of the data and avoid information leakage, walk-forward validation was applied
for 2020-2025. Model performance was evaluated using R?, RMSE, and MAE.
XGBoost demonstrated the best predictive performance, achieving R? = 0.811,
RMSE = 1.436 c/ha, and MAE = 1.160 c/ha. The results demonstrate the potential
of machine learning and climatic data for wheat yield prediction and agricultural
decision support in Northern Kazakhstan.

Keywords: machine learning, crop yield prediction, XGBoost, spatial Data,
Northern Kazakhstan, precision agriculture
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AHHOTanUs. AyBIT IIApyalmlbUIBIFBl JaKbUITAPBIHBIH OHIMIUTITIH Ooikay
a3BIK-TYJIIK KayilcCi3miri, aybUl MIapyalIbUIBIFBl KBI3METIH JKOcTapiay MKoHe
pecyperapasl THIMAI Oackapy YIIiH, ocipece aybll IIapyallblIbIFel OHIpiciHEe
KJIIMMAaTTBIH ©3Teprimriri aWtapmeikraii oacep eterin Contycrik Kasakcran
JKaralbIHIa MaHbI3IbI. TeMIieparypa MeH KaybIH-IIAIIBIH MOJIIEPiHiH e3repyi
TaKBUIIAPIBIH OHIMIUTITIHE 9Cep CTIll, KbULIap OOWBIHINA €Neylli ayBITKyJapFa
OKeNlyl MYMKiH. 3epTTeydiH MakKcaThl — KIWMATTHIK JCPEKTepHai TaimanaHa
oteipeim, Conrycrik Kaszakcran oONBICHIHIAFRI OWmail OHIMIUTITIH OoJDKayFra
apHaIFaH MAIIMHAJIBIK OKBITYFa HETI3[eNreH pPEeTrpecCHsiIbIK MOJETIbAePIl
o3ipiiey, cambICTRIpY KoHE Oaramay. 1990-2025 kpurnapasl KAMTHTBIH IEPEKTEp
KUBIHTBIFBI KazakcTan PecmyOmuMKachlHBIH PECMH OHIMIUIIK CTaTHCTHKACHI
xoHe NASA POWER nepekkopbiHaH adblHFAH KIMMATTBIK JACPEKTEP HETi31HIIE
mavprHganael.  Kyamemikti  kimMmartelk — gepektep Conryerik  Kazakcran
OOJIBICBIHIAFBI O€C PeTpe3eHTaTHBTI TeorpadusIbIK HYKTe OONBIHINIA KUHATIBI.
AWHBIMaNBUTapFa ayaHbIH OpTalla, €H TOMEHT] JK9HE eH KOFapbl TeMIIepaTypachl,
COHNaW-aK >JKayblH-IIAIIBIH Meimepi eHrizinai. KynzemikTi Temmeparypa
MOHJIEpl oOpTama KbBULABIK KepceTKimTepre OipiKTipiIin, >KaybIH-IIANIBIH
Meumepl KbUIABIK KUBIHTBIK KOPCETKIINTEepAl ajdy YIIiH >KuHaKTamael. Keiin
O0cc TeorpadusIBIK HYKTEHIH JKBUIIBIK MOHIEpPl aWMAaKTBIK PENpPEe3CHTATHUBTI
KOpCeTKIITepAl amy yuriH opramananabl. Linear Regression, Random Forest,
Gradient Boosting, Bagging Regressor, Decision Tree >kone XGBoost CHAKTBI
OipHele perpeccusIblK alTOpUTM CaibICTHIPBILABL. CoHbiMeH Katap XGBoost
nen Gradient Boosting mMonenpaepin OipiKTipeTiH THOPHATIK Tocin OaramaH[Ib.
MakcaTTsl alHBIMAJIBI peTiHAe Oumai eHIMIIIITI, ail O0KayIIbl alHBIMAIBIIAP
peTiHie KINMATTHIK KOPCETKIIITep Mai1a aHbUIIb.

Tyiiin ce3nep: MalMHAIBIK OKBITY; JaKbl1Iap ©HIMAUIINH Ooixay; XGBoost;
KEHICTIKTIK aepekrep; ContycTik KazakcraH; momme-moi eriHIIiK
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AHHoTanusi. [IporHo3upoBaHue ypOKaWHOCTH  CEIBCKOXO3SHCTBEHHBIX
KyJAbTYp HMMEET Ba)KHOE 3HA4YCHHUE JJIsl MPOAOBOJIBCTBEHHOH O€30MacHOCTH,
IUTAHUPOBAHMUS  CEIIbCKOXO3SIMCTBEHHOH — JiesiTenbHOCTH U 3ddekTuBHOrO
ynpaBieHusi pecypcamu, ocobeHno B CeepHoM Kaszaxcrane, rme arpapHoe
MPOU3BOJACTBO B 3HAYUTEILHOW CTEMEHM 3aBUCUT OT  KIMMAaTHYECKOU
W3MEHYMBOCTH. M3MEHEHHs TeMIlepaTypbl W KOJMYECTBa OCAaJKOB MOTYT
CYIIECTBEHHO BJIUATH Ha NMPOAYKTUBHOCTH CEIBCKOXO3SWCTBEHHBIX KYJIBTYP H
MPUBOIUTH K 3HAYUTEIBHBIM MEKTOJOBBIM KoyieOaHUsIM ypoxaiiHocTh. Llens
WCCIIeIOBaHMS 3aKIII0YaeTCs B pa3paboTKe, CPAaBHEHUU U OLIEHKE PErpecCHOHHBIX
MoJiesieii MaIIMHHOTO 00yYeHHUs ISl TPOTHO3UPOBAHUS YPOKAHHOCTH MIICHUIIBI
B CeBepo-KazaxcraHckoil 001acTH ¢ UCTIOIB30BAHUEM KIIMMATHUECKUX JaHHBIX.
[MonroroBnen HabGop maHHbiXx 3a 1990-2025 rr. Ha ocHOBe o¢uUIUATBHON
CTaTUCTHKH ypokaiiHocTH PecmyOnmku KazaxcTaH M KIMMaTH4eCKHX AaHHBIX
0azel NASA POWER. ExenHeBHble KIMMaTHYeCKHE JaHHbIE ObUIM COOpPaHBI
B IISITH PENpEe3eHTAaTHBHBIX Teorpaduyeckux Toukax CeBepo-Kazaxcranckoit
obnactu. Kimmarnueckne nepeMEeHHBIC BKIIOYATN CPEIHIOI0, MHUHHUMAJbHYIO
W MaKCHUMaJbHYIO TeMIeparypy BO3AyXa, a TaKke KOJIMYECTBO OCaJIKOB.
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ExxemHeBHBIE 3HAUEHUS TEMIIEPATyphl arperupoBaUCh B CPETHETOOBBIC
MOKa3areny, a KOJIMYECTBO OCAIAKOB CYMMHPOBAJOCH Il MOJIYYEHHUS! TOJOBBIX
3HAUEHUH. 3areM TofOBbIC MOKA3aTeJid MO MATH reorpaduueckuM TOYKaM
YCPEAHSIITUCH JIJTS IOJTYYCHUS PEIPE3CHTATUBHBIX PETHOHANBHBIX XapaKTePUCTHK.
CpaBauBanuchk Linear Regression, Random Forest, Gradient Boosting, Bagging
Regressor, Decision Tree u XGBoost. Takxe Obl1a orieHeHa THOPUAHAS MOEIb,
oobenuustomas XGBoost n Gradient Boosting. B xauecTBe 1eneBoi nepeMeHHo
WCIIONIb30BAJaCh ypPOXKAWHOCTh TIICHHIBI, a KIMMaTHYEeCKUE MOKa3aTelln
BBICTYTaJIM B KaYECTBE MPEIUKTOPOB.

KiroueBbie ciaoBa: MammHHOE OOydYeHHE; MPOTHO3UPOBAHHUE YPOKAWHOCTH
CEITLCKOXO3SHCTBEHHBIX  KylIbTyp; XGBoost; MpocTpaHCTBEHHBIC TaHHBIC,
Cesepnblii KazaxcraH; TouHOE 3eMieaenue

Introduction. Agriculture is one of the most important sectors of the economy
of Kazakhstan. The northern regions of the country are the main producers of grain.
With the growing world population and the pressing problems of food security and
climate change, the accurate prediction of crop yields has become very important.
Crop yield prediction is a difficult agricultural task that depends on many factors,
such as weather conditions, the type of crop, and the region of planting. Reliable
yield forecasts help farmers and policymakers to make informed decisions about
agricultural risk management, resource allocation, and food production planning.

In Northern Kazakhstan, crop yields change strongly from year to year. For
example, the year 2021 was a drought year with low yields, while 2024 was a
record year with much higher yields. This variability is mainly caused by weather
conditions during the growing season, such as the amount of precipitation and the
minimum and maximum air temperature. Machine learning is a useful tool for this
task. Machine learning models can analyse historical data, find complex patterns,
and produce accurate predictions of future yields.

Six popular families of machine learning algorithms are considered in this
study: linear models (Linear Regression), and tree-based ensemble models
(Decision Tree, Random Forest, and Gradient Boosting, XGBoost). Tree-based
ensemble models combine many decision trees and can capture complex, non-
linear relationships between the features and the target variable. Each of these
algorithms has its own advantages, which makes the comparative analysis useful.

The object of the study is the wheat yield in the North Kazakhstan Region and
the climatic factors that influence it, particularly temperature and precipitation.

The aim of the study is to develop, compare, and evaluate several machine
learning regression algorithms for predicting crop yield in Northern Kazakhstan.

Objectives of the research work:

*  Collection and preprocessing of crop yield and weather data for the
northern regions of Kazakhstan.

*  Exploratory data analysis and visualization to understand the structure of
the data.
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* Feature engineering, including encoding of categorical variables and
transformation of the target variable.

*  Development of regression models and evaluation of their performance
using R?, MSE, RMSE, and MAE metrics.

*  Comparison of the models and identification of the best model for crop
yield prediction.

The results of this study can be used to develop decision-support systems
for agriculture and to improve the planning of crop production in Northern
Kazakhstan. Therefore, this research is a useful contribution to the application of
machine learning in the agricultural sector.

The main contribution of this study is the implementation of a time-aware
machine learning framework for wheat yield prediction in Northern Kazakhstan.
In contrast to random data splitting, walk-forward validation was used to simulate
real forecasting conditions, where each year's yield was predicted using only
information available from previous years. This approach provides a more realistic
assessment of model generalization to unseen future years under varying climatic
conditions.

Literature review. Many researchers have studied the application of machine
learning to crop yield prediction in recent years. This literature review examines
several studies that are closely related to the present work and that guided the
choice of methods and features.

Van Klompenburg, Kassahun, and Catal (2020) carried out a systematic
literature review of crop yield prediction using machine learning. They analyzed
a large number of studies and found that the most frequently used features are
temperature, rainfall, and soil type, while the most frequently used algorithms are
based on neural networks and decision-tree ensembles. The authors also reported
that Random Forest and Gradient Boosting models are among the most accurate
and most popular methods for this task. These findings support the use of weather
features and tree-based ensemble models in the present study.

Jeong et al. (2016) studied the use of Random Forests for global and regional
crop yield prediction. Their results showed that the Random Forest algorithm
produced more accurate predictions than classical multiple linear regression
for wheat, maize, and potato. This study demonstrates that ensemble tree-based
models are well suited to crop yield prediction, especially when the relationship
between the features and the yield is non-linear.

Nhu et al. (2023) investigated wheat yield forecasting in Kazakhstan using
Earth observation data from the GEOGLAM programme. The authors highlighted
the importance of daily minimum and maximum temperatures and precipitation
as input features. Following their findings, the same weather variables (minimum
and maximum temperature and precipitation) are used as input features in the
present study.

Sadenova et al. (2023) applied machine learning and neural networks to
predict the yield of cereals, legumes, oilseeds, and forage crops in Kazakhstan.
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They reported that multi-layer perceptron and polynomial regression models
achieved high prediction accuracy, which is strong evidence for the effectiveness
of machine learning in crop yield prediction in Kazakhstan. This study confirms
that the chosen research direction is relevant for the country.

Research gap and contribution. Previous studies have shown the potential of
machine learning for crop-yield prediction. Temperature and precipitation are
important predictive variables. However, model performance can vary across
years. This is especially important in regions with high interannual climate
variability. For Northern Kazakhstan, evidence based on temporally separated
evaluation remains limited. Moreover, high overall predictive accuracy may
partly reflect systematic differences in baseline yield among crop types rather
than the predictive contribution of weather conditions themselves. The present
study addresses these issues by evaluating several regression algorithms using
chronological walk-forward validation.

Materials and methods. This study uses an experimental approach based
on data analysis and machine learning. The work was carried out in the Python
programming language using the libraries Pandas, NumPy, Matplotlib, Seaborn,
and Scikit-learn in the Google Colab environment. The general workflow includes
five stages: data collection, exploratory data analysis, feature engineering, model
training, and model evaluation.

0 50 100 km
| se—]

North Kazakhstan

Mamlyutsky.
Zhambylsky Sergeevsky
w Tayynshinsky

Figure 1 — Study area and administrative districts of the North Kazakhstan Region.
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Dataset description. The dataset covers the period 1990-2025 and includes
five crop groups: cereals (including rice) and legumes, wheat, oilseed crops,
potatoes, and open-field vegetables. Crop yield data were obtained from the
Bureau of National Statistics of the Republic of Kazakhstan, while climatic data
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were obtained from NASA POWER. For the final prediction task, wheat yield was
selected as the target variable, and temperature and precipitation variables were
used as predictors.

To preserve the temporal structure and avoid information leakage, walk-
forward validation was applied for 2020-2025. For each test year, the models
were trained exclusively on data from preceding years. Thus, the 2020 yield was
predicted using data from 1990-2019, while the 2025 yield was predicted using
data from 1990-2024. The main characteristics and preprocessing of the data are
summarized in Table 1.

Table 1 — Description and preprocessing of the data used in the study

Data component Description

Study area North Kazakhstan Region

Study period 1990-2025

Crop groups Cereals (including rice) and legumes; wheat; oilseed crops; potatoes; open-
field vegetables

Yield data source Bureau of National Statistics of the Republic of Kazakhstan

Yield unit centners per hectare (c/ha)

Climate data source | NASA POWER

Climate points North (55.20°N, 69.20°E); Center (54.80°N, 69.20°E); South (54.30°N,

69.20°E); West (54.80°N, 67.80°E); East (54.80°N, 71.00°E)
Climate variables T2M, T2M_MIN, T2M_MAX, PRECTOTCORR
Temporal aggregation | Annual mean for temperature; annual sum for precipitation

Spatial aggregation | Annual values averaged across five geographical points

Final target Wheat yield
Predictors avg_temp, avg min_temp, avg max_temp, precipitation
Model evaluation Walk-forward validation, 2020-2025

Exploratory data analysis (EDA). Exploratory data analysis is the first stage of
data analysis. Its purpose is to understand the structure of the data and to identify
the main characteristics. In this work, several visualization and statistical methods
are used: histograms to show the distribution of each variable, box plots to compare
the yield of different crops, scatter plots to show the relationship between two
variables, and a correlation heatmap to show the correlation between the variables.
Two statistical measures are also computed. The mean value, which is calculated
by dividing the sum of the values by the total number of values:

u=(3) I, x (1)

and the standard deviation, which measures the spread of the data around the
mean:

o= b2y @
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Pearson correlation. The Pearson correlation coefficient is a statistical measure
that shows the strength and direction of the linear relationship between two
variables. It can take values from —1 to 1, where 1 means the strongest positive
correlation, —1 means the strongest negative correlation, and 0 means no linear
relationship. It is calculated as the covariance of the two variables divided by the
product of their standard deviations:

Z?‘T:l{xi'_ﬂx}[J’z'_l-l}-}

=

3)

-JIZ:"\I:l{xi'_Hx}z{y{_“}']z

Feature engineering. After the exploratory data analysis, feature engineering
is performed to prepare the data for the models. For the final predictive analysis,
wheat yield was selected as the target variable. Crop type and other categorical
variables were excluded from the set of predictors to avoid the influence of
systematic differences in yield between crop groups. Four climatic variables were
used as predictors: mean air temperature, minimum air temperature, maximum air
temperature, and precipitation. The target variable was used on its original scale.
Therefore, the mean absolute error (MAE) and root mean square error (RMSE)
were calculated and reported in centners per hectare (c/ha), while the coefficient of
determination R? was calculated using observed and predicted wheat yield values
on the original scale.

The numerical features are scaled to a common range using normalization,
which improves the performance of distance-based and linear models. Min-max
normalization scales the values of a feature to the range between 0 and 1 by
subtracting the minimum value and dividing by the range of the feature:

T (x—%min)

¥ =
(*max—*min)

(&)

To evaluate the models’ ability to predict wheat yields for future years, the
dataset was organized chronologically way. To preserve the temporal structure
of the data and prevent information leakage, a stepwise validation method was
applied. For each test year between 2020 and 2025, the models were trained
exclusively on data from previous years. For example, the wheat yield in 2020
was predicted using data from 1990-2019, while the yield in 2025 was predicted
using data from 1990-2024. Future observations were not included in the training
data. This temporal validation provides a more realistic assessment of the models’
predictive ability on data from a different time period.

Model training. Several machine learning regression algorithms were trained,
evaluated and compared in this study. In addition, a hybrid ensemble combining
XGBoost and Gradient Boosting was evaluated.

Linear Regression is a simple model that describes the relationship between the
features and the target variable as a weighted sum of the features. It predicts the
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target value using the following equation, where Po is the intercept and f; are the
weights of the features:

Y =Po+ Puxi + faxz + ... + Bixx, (6)

where 7 is the predicted crop yield, fo is the intercept, fi, f2, ... Br are the
regression coefficients, xs, xz, ..., x; are the input features, and k is the number of
features.

A Decision Tree is a model that splits the data into smaller groups using a series
of simple rules based on the features. Each split tries to make the groups more
similar in terms of the target variable. Decision trees are easy to interpret but can
overfit the training data.

n 1
Im(x) = N gﬁm}’i- (7)

where R, is the m-th terminal region (leaf), N, is the number of observations
in that region, and Vi is the observed target value. The prediction is calculated as
the mean target value of the observations within the corresponding leaf.

Random Forest is an ensemble learning method that builds many decision trees
during training and outputs the average prediction of the individual trees. Each
tree is trained on a random part of the training data and on a random subset of the
features. This approach reduces overfitting and increases the robustness of the
model. Random Forest is widely used because of its high accuracy and its ability
to work with complex data.

FO) = = TM_ 9 (), )

T M

where M is the number of decision trees and ¥, (%) is the prediction
produced by the m-th tree.

The final Random Forest prediction is obtained by averaging the predictions
of all trees.

Gradient Boosting is also an ensemble of decision trees, but the trees are built
one after another. Each new tree tries to correct the errors of the previous trees.
The final prediction is the sum of the predictions of all trees, multiplied by a
learning rate. This step-by-step process makes Gradient Boosting very accurate,
especially for tasks with complex, non-linear relationships:

Fu(x) = Fu (x) v hu(x) )

Bagging Regressor combines predictions from multiple regression models
trained on different bootstrap samples of the training data. The final prediction is
obtained by averaging the predictions of all models.
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) = = M 9 (x), (10)

M
where M is the number of base models and ¥m (%) is the prediction of the m-th
model.

The hybrid model combines the predictions of XGBoost and Gradient Boosting
to improve prediction stability. Both models are trained independently using the
same input features. Their predicted values are then combined by simple averaging
to obtain the final crop-yield prediction. This approach integrates the predictive
capabilities of two boosting algorithms and can reduce the influence of errors from
an individual model.

JHybriaey = Vx6B (x)z"' Yep(x) (11)

where Vxgp (x) and Ygg (%) are the predictions obtained from XGBoost and
Gradient Boosting, respectively.

Evaluation metrics. The models are evaluated using regression metrics. The
coefficient of determination (R?) shows the proportion of the variance of the target
variable that is explained by the model; a value close to 1 means a good model:

Yieg On—902
RZ = 1- i=1
Ty 0= 92 (12)
The mean squared error (MSE), the root mean squared error (RMSE), and the
mean absolute error (MAE) measure the average size of the prediction errors.
Lower values mean a better model:

N

1 oy 2

MSE = —- > (3 = 9%
i=1

1 ~
RMSE = J; X (n = 9%

1 I
MAE = — - YLy — ¥l 13)

To avoid the dominant influence of crop-type differences, the final predictive
analysis was performed separately for wheat. Crop type was excluded from the
predictor set, and only climatic variables were used for model training.

Results. This section presents the results of the exploratory data analysis and
the performance of the regression models.

The correlation analysis showed that precipitation had the strongest positive
relationship with crop yields, particularly cereals and legumes (r = 0.62), wheat (r
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= 0.62), and oilseed crops (r = 0.58). In contrast, average maximum temperature
showed weak negative correlations with most crop yields, including wheat (r =
—-0.27).

Correlation Between Crop Yield and Climate Variables

Year

Cereals (including rice) and legumes —
wiheat . 0.98 Xt X 4 X 06

Oilseed crops

Potatoes

Open-field vegetables

avg_temp -

avg_min_temp -

avg_max_temp -

precipitation -

avg_min_temp
avg_max_temp
precipitation

Openield vegetables - 5

Figure 2 — Correlation matrix of crop yields and climatic variables in the North Kazakhstan
Region (1990-2025).

A positive correlation was also observed between Year and crop yield,
especially for open-field vegetables (r=0.86), potatoes (r=0.78), and oilseed crops
(r = 0.78), indicating a long-term increasing trend. Overall, the results suggest
that precipitation is an important climatic factor associated with agricultural
productivity in the North Kazakhstan Region.

Distribution of Crop Yield and Climate Variables
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Figure 3 — Distribution (histograms) of the dataset attributes.
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Figure 3 demonstrates the histograms of the main attributes. The crop yield
values vary considerably depending on the crop type. For example, wheat yield is
mostly between approximately 8 and 16 centners per hectare, while oilseed crop
yield is mainly between 3 and 10 centners per hectare. The weather features also
show noticeable variation: precipitation ranges from approximately 300 to 620
mm, while the average temperature ranges from about —0.2°C to 3.6°C, reflecting
climatic variability across the studied years.
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Figure 4 — Yield distribution by crop type.

Figure 4 shows the distribution of the yield for each crop type. The box plot
clearly shows that the type of crop strongly influences the level of the yield. Crops
such as potatoes and vegetables have higher yields, while crops such as oilseeds,
wheat, and cereals and legumes have lower yields.
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Figure 5 — Relationship between annual precipitation and crop yield
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Figure 5 demonstrates the relationship between precipitation and yield, with
the points colored by crop type. The plot shows that each crop type has its own
typical range of yield, and that the yield generally increases with more favorable
precipitation conditions. The figure also shows that the relationship between
precipitation and yield is not simply linear, which is one reason why non-linear
ensemble models may perform better than linear models.

Table 2 — Performance of the XGBoost model with different feature sets under walk-forward
validation (2020-2025)

Feature set R? (test) RMSE MAE
Climate 0.811 1.436 1.160
Climate+Year 0.455 2.440 2.014
Climate+Year+Temperature range 0.522 2.286 1.804

As shown in Table 2, the climate-only feature set achieved the best predictive
performance, with an R? of 0.811, RMSE of 1.436, and MAE of 1.160. Adding the
Year variable reduced the model performance, while the inclusion of temperature
range provided only a partial improvement compared with the Climate + Year
configuration. Therefore, the climate-only feature set was retained for the final

XGBoost model.

Feature Set Performance Profile
XGBoost - Walk-Forward Validation 2020-2025

Best observed performance '
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Figure 6 — Performance of XGBoost with different feature sets using walk-forward validation
(2020-2025).

Figure 6 illustrates the relative performance of the evaluated feature sets. The
climate-only configuration showed the strongest performance across all three
evaluation metrics, achieving an R? of 0.811, RMSE of 1.436, and MAE of 1.160.
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Adding Year and temperature range did not improve predictive performance under
walk-forward validation.
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Figure 7 — Comparison of regression models based on R? under
walk-forward validation (2020-2025).

Figure 7 compares the R? values of the seven models. XGBoost demonstrates
the best performance with R? = 0.811. The hybrid model combining XGBoost
and Gradient Boosting achieves the second-highest R? value of 0.705. Gradient
Boosting and Decision Tree achieve R? values of 0.558 and 0.546, respectively,
while Random Forest, Bagging Regressor, and Linear Regression show lower
values. This figure demonstrates the better predictive performance of XGBoost
compared with the other evaluated models.

Summary of model performance

Table 3 presents the performance of seven regression models using walk-
forward validation for 2020-2025.

Table 3 — Performance of the regression models using walk-forward validation (2020-2025)

Model R? (test) MSE RMSE

Linear Regression 0.057 2.541 3.211
Random Forest 0.293 2.361 2.780
Gradient Boosting 0.558 1.665 2.198
Bagging Regressor 0.298 2.374 2.770
Decision Tree 0.546 2.119 2.228
Hybrlfi (XGBoost + Gradient 0.705 1413 1796
Boosting)

XGBoost 0.811 1.160 1.436

All six observed yields fell within the corresponding intervals (empirical
coverage = 100%); however, the relatively wide intervals reflect the limited sample
size and uncertainty associated with annual yield prediction.
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XGBoost Wheat Yield Prediction with Conformal Prediction Intervals
Expanding Walk-Forward Validation (2020-2025)
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Figure 8 — XGBoost Wheat Yield Prediction with Empirical Prediction Intervals

The XGBoost model achieved an R? of 0.811, with an MAE of 1.160 centners/
ha and an RMSE of 1.436 centners/ha under walk-forward validation. Empirical
prediction intervals were additionally estimated using historical one-step-ahead
forecast errors (Figure 8).

Table 4 — XGBoost wheat yield predictions with 95% prediction intervals (2020-2025)

2020 14.444 11.897000 4.922 18.873 13.951
2021 11.500 10.820000 4.031 17.609 13.578
2022 14.600 14.406000 7.709 21.103 13.394
2023 12.200 12.778000 6.173 19.383 13.210
2024 18.647 19.544001 13.031 26.057 13.026
2025 20.700 18.639000 12.217 25.060 12.843

Table 4 presents the actual and predicted wheat yields obtained using the
XGBoost model for 2020-2025, together with the corresponding 95% prediction
intervals. The predicted values generally follow the observed year-to-year changes
in wheat yield. All observed values fall within the corresponding prediction
intervals, indicating that the intervals capture the uncertainty associated with
the model predictions. However, the relatively wide intervals also reflect the
uncertainty caused by the limited historical dataset and interannual climate
variability. These results complement the point-prediction metrics by providing
information on the range of plausible wheat yield values for each evaluation year.

Discussion. The results of this study show that machine learning regression
models can be used to predict wheat yield in Northern Kazakhstan using climatic
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data. Among the evaluated models, XGBoost achieved the best performance,
with R?=0.811, RMSE = 1.436 c/ha, and MAE = 1.160 c/ha under walk-forward
validation.

In contract to a random train-test split, the temporal evaluation used in this
study measures the ability of the models to generalize to observations from later
years. In addition, the ablation analysis distinguishes predictive performance
associated with persistent crop- and region-specific differences from the additional
information provided by weather variables.

The comparison of the models shows that tree-based ensemble methods are
better than simple linear models for this task. The Linear Regression reached R?
= 0.057, while Random Forest, Gradient Boosting, Decision Tree, and XGBoost
achieved higher predictive performance. Among the evaluated models, XGBoost
showed the best result with R? = 0.811. This suggests that non-linear machine
learning models can better capture the relationships between climatic variables
and wheat yield. These results are consistent with previous studies reporting the
effectiveness of tree-based ensemble methods for crop yield prediction.

The exploratory data analysis shows that climatic conditions are associated with
wheat yield variability. Precipitation showed the strongest positive relationship with
wheat yield, while maximum temperature showed a weak negative relationship.
In the final prediction model, wheat yield was used as the target variable, while
average, minimum, and maximum air temperature and precipitation were used as
predictors. The target variable was used on its original scale without logarithmic
transformation.

Several limitations of this study should be noted. First, the dataset contains 36
annual observations and is based on regional average wheat yield, so it may not
capture all local factors that affect yield, such as soil conditions, fertiliser use, and
farming technology. Second, the prediction is based on four climatic variables:
average, minimum, and maximum temperature and precipitation. Other factors,
such as soil moisture and rainfall distribution during the growing season, may
also influence wheat yield. Third, although XGBoost showed the best performance
under walk-forward validation, the results should be further evaluated using
additional independent data. Future research could include soil characteristics,
satellite data, vegetation indices, and growing-season climate variables to improve
prediction accuracy and model generalization.

Conclusion. This study evaluated machine learning regression models for
predicting wheat yields in the North Kazakhstan Region using climate data from
1990 to 2025. The predictor variables used were average, minimum, and maximum
air temperatures, as well as precipitation, while wheat yield served as the target
variable. To preserve the temporal structure of the data and prevent information
leakage for the 20202025 period, walk-forward validation was applied.

Among the models evaluated, XGBoost demonstrated the best predictive
performance, achieving R>=0.811, RMSE = 1.436 centners per hectare, and MAE
= 1.160 centners per hectare.
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A hybrid model combining XGBoost and Gradient Boosting achieved R? =
0.705, while other regression models showed lower results. The results indicate
that nonlinear machine learning models are more effective at capturing the
relationships between climatic variables and wheat yield than a linear model in
this dataset.

The study demonstrates the potential of machine learning and climate data
for forecasting wheat yields in Northern Kazakhstan. The use of walk-forward
validation provides a more realistic assessment of the model’s performance for
unseen future years. In future studies, the proposed approach could be expanded
by incorporating satellite data, vegetation indices, and characteristics.
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