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Abstract

Agriculture still depends a lot on weather conditions, which makes growing crops very sensitive to changes
in the climate. Predicting how much crops will yield is crucial for making sure we have food globally using
resources wisely and helping farmers make good decisions. This review looks at all the statistical methods
used to predict crop yields when the climate is changing. It checks out both new methods. The review looks
at 30 relevant studies that use different approaches like regression, machine learning, deep learning and
mixed models. The main findings show that new machine learning methods, like Random Forest and
Support Vector Machines and deep learning methods like Long Short-Term Memory networks are better at
predicting yields than statistical methods. However, there are still some problems. These include not having
data not being able to understand how the models work the complexity of the calculations and the need for
models that can work in different places and over time. Using data from sources. Like satellite images,
weather observations and soil information. Seems to be very important for making predictions better. In the
future we might see use of mixed modelling methods, artificial intelligence that can be explained
integration of big data and better modelling frameworks that can handle how complex and unpredictable
the interactions between climate and crop growth are. The use of machine learning, in crop yield prediction
is very promising. Machine learning can help farmers and decision-makers. Crop yield prediction using
machine learning is an area of research.

Keywords: Crop yield prediction, climate variability, climate change adaptation, statistical modelling, food
security

Introduction

Agriculture's fundamental dependence on climatic conditions renders crop production systems
inherently vulnerable to climate variability and change. The variation in temperature, rainfall,
weather extremes and seasonal variations have a direct impact on the growth, development and
end result yield of crops. With the world climate patterns becoming more and more
unpredictable, the agricultural sector is experiencing increasing challenges in ensuring the
stability of food production to satisfy the needs of an increasing world population that is
estimated to hit 9.7 billion in the year 2050. This is a critical vulnerability especially in areas
where smallholder farmers rely on rainfed agriculture, and there is low adaptive capacity to
cushion against climate shocks (Sarr and Sultan, 2022) ],

Projecting crop yield in climatic variability is one of the most important issues in the
contemporary agricultural sector, in which farmers and scientists have to consider the more and
more unpredictable weather conditions, which directly influence the food production. Climate
variability comprises of fluctuations in temperature, rainfall, humidity and extreme weather
patterns that may have great impacts on the growth of crops and final yields. The statistical
techniques offer the necessary instruments of comprehending these complex interactions
between climate factors and agricultural performance, to make more precise forecasts that can be
used as a tool in agricultural decision making, agricultural food security planning, and policy
formulation. The prediction models enable the stakeholders to predict future crop failures, to
maximize allocation of resources and to come up with adaptive measures so that food
production can remain constant regardless of environmental changes. The discipline integrates
conventional statistical techniques with current computational technologies to address the
complexity of agricultural systems where a variety of climate variables are used together with
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soil conditions, crop genetics and management practices to yield
final yields.

Statistical methods have been the foundation of crop yield
forecast systems since early days of simple empirical
relationships to elaborate data-based models that can reflect the
complicated, nonlinear interplays of climate variables and crop
responses. The last 20 years have seen the paradigm shift in the
approach to yield prediction, due to the growth in computational
capabilities, the spread of remote sensing technology, the access
to high-resolution climate observations, and the development of
machine learning and artificial intelligence (Salami et al., 2025)
[ These advances have facilitated the shift in research and
practice towards more flexible, high dimensional modeling
frameworks that are capable of taking into consideration a
variety of data and explain the spatial and temporal
heterogeneity in crop-climate relations. (Kheir et al., 2024;
Osibo et al., 2023) [19.34,

Traditional regression-based approaches

The basis of crop vyield prediction is traditional regression
techniques based on linear relationships between climate
variables and yields (Parviz et al., 2017) 1. These methods
involve simple linear regression, multiple regression and
stepwise selection methods which aid in determining the most
significant climate factors influencing production in crops.

The origin of statistical crop yield prediction was simple
regression models that were used to analyse the interrelation
between crop yields and time series or the correlation between
crop yields and single weather factors. Statistical methods that
averaged the yields on large regions over long periods of time
and compared them to time were the first large-scale yield
simulation models to provide insight into overall tendencies in
crop productivity. The most popular statistical methodology to
study crop-yield-weather modelling became multiple linear
regression (MLR), and organizations such as the FAO started to
use multivariate regression models in their operational crop
predictions in developing nations (Parviz et al., 2017) [,

Recent regression methods embrace systematic processes to deal
with the complexity in climate-yield relationships. The standard
statistical crop yield model is a regression of panel data of crop
yields on other weather data, where both climate and crop yield
data may need to be detrended to remove linear trends and
technological advances (Ray et al., 2015) B (Ortiz-Bobea,
2021) 2, To estimate the impacts of various climate variables
on the economy, researchers typically run multiple regression
equations with a wide range of combinations of climate
variables and model selection criteria such as the Akaike
Information Criterion (AIC) to determine what models perform
the best (Ray et al., 2015) F71,

The use of stepwise regression methods has become the norm
when it comes to the identification of pertinent climate
predictors among a large pool of potential variables. These
techniques stepwise include or exclude climate indices by the
criteria of their effect on model performance, such as R-squared
values to decide on the best combination of predictors (Zhu et
al., 2019) B3, The adjusted R-squared, AIC and Bayesian
Information Criterion (BIC) are usually used to compare the
models with varying numbers of parameters to determine the
best regression formulation (Shammi et al., 2021) 42,
Researchers may prefer to use nonlinear terms like a piece-wise
linear relationship or a form of the climate variables that is a
power of a few variables instead of linear terms in order to
represent nonlinear responses of crops to climate conditions
(Sidhu et al.,, 2023) ®41 (Fishman, 2016) [*Y. Bootstrap
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resampling methods are commonly used to test uncertainty in
regression estimates and generate several different datasets to
test the stability of a model and provide confidence intervals on
predictions (Leng et al., 2017) 23 (Coffel et al., 2022) [, The
median R-squared values of these traditional regression methods
are 0.37-0.49 with major crops, which implies that the variables
of temperature and precipitation can explain a significant part of
interannual variations in yields (Coffel et al., 2022) ©1,

Machine learning and advanced statistical methods

Random Forests, neural networks, and boosted regression tree
are all machine learning techniques that have become effective
alternatives to a more traditional regression in crop Yyield
prediction. These methods have the ability to model complicated
nonlinear relationships and interactions among climate variables
that are often not represented in linear models.

It is the weaknesses of the conventional linear regression
techniques that have propelled scientists to machine learning and
more sophisticated statistical techniques that are able to more
effectively reflect the complex, nonlinear interactions between
climate variables and crop yields. Although deterministic
biophysical crop models can be useful in understanding the
mechanisms, statistical models tend to be more effective at
predicting over larger spatial scales (Crane-Droesch, 2018) [,
Machine learning methods have a tremendous benefit in
working with big data as well as modelling nonlinearities that
are hard to model using the traditional methods.

The capability to work with nonlinearities and interact with
climate variables in a complex manner has made Random
Forests one of the most popular machine learning algorithms in
predicting crop yields (Vogel et al., 2019) M. This is an
ensemble approach that employs several decision trees, and can
be used in both regression and classification problems, in many
cases surpassing traditional linear methods when compared to
other algorithms such as Support Vector Machines, Generalized
Additive Models and the K-Nearest Neighbours (Vogel et al.,
2019) M8 (Chen et al., 2024) Bl Random Forests have been
demonstrated to be less sensitive to aggregation methods of
climate data compared to linear regression models and, in
general, offers a better predictive performance (Chen et al.,
2024) B,

More sophisticated methods of regularization such as LASSO
(Least Absolute Shrinkage and Selection Operator) have also
been useful in automated selection of variables, especially when
there are large numbers of potentially collinear climate
predictors. LASSO regression is able to identify automatically
drivers of extreme effect of compounds and can deal with cases
where the ordinary least squares estimation is afflicted with
overfitting (Zscheischler et al., 2020) 54,

Neural networks and their variations are deep learning methods
that have demonstrated impressive capabilities in prediction of
crop yields. Semi parametric neural networks which are
parametric structure coupled with deep learning features can be
used to perform better than classical statistical models as well as
fully-nonparametric neural networks (Crane-Droesch, 2018) (€1,
Long Short-term Memory (LSTM) networks have been found to
be particularly effective at capturing cumulative and nonlinear
relationships between yields and environmental conditions with
researchers finding that LSTM models explain 76% of yield
changes because of meteorological indices as opposed to 39% in
models solely explained by meteorological indices (Jiang et al.,
2019) 1281 (Cao et al., 2021) ™. Convolutional Neural Networks
(CNN) and Deep Neural Networks (DNN) are also becoming
popular, with CNN being the most popular deep learning
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algorithm used in crop yield research (Klompenburg et al.,
2020) 471,

Gradient boosting algorithms, such as XGBoost, LightGBM,
and CatBoost, have become one of the most effective models in
prediction of yields (Sidhu et al., 2023) ™ (Yavrum et al.,
2025) B9 (Mahesh et al., 2024) 291, Compared to simple least
squares methods, boosted regression trees are more capable of
simulating physiological mechanisms, and performing better in
models, especially when the climate variables are in a form of
polynomials, and the relationships are piecewise (Sidhu et al.,
2023) *4. The recent research has demonstrated CatBoost with
prediction accuracy of more than 99% in predicting rice yields
(Mahesh et al., 2024) 29,

Support Vector Machines (SVM) have been shown to be very
effective in sequential climate data and some studies have
demonstrated that SVM has R 2 of 84-90% and root mean
square error of low when used to predict crop yields in climate
variability. It has been found in multiple comparative studies
that machine learning models perform better than traditional
statistical regression models, and that Random Forest and
Gradient Boosting regressors typically perform better on
predictive tasks compared to traditional regression methods, in
terms of standard predictive metrics such as RMSE, MAE, and
R2 (Akwabeng et al., 2026) [,

Recent advances in frameworks are trending towards the
integration of various machine learning techniques via ensemble
methods whereby various base models such as Random Forest,
Gradient Boosting and LSTM networks are stacked dynamically
(Tomar et al., 2025) 461, Such adaptive ensemble strategies have
the capacity of integrating real-time information on the soil,
climate, and weather stress environment to offer a stronger
forecast of yields in different environmental conditions (Tomar
et al., 2025) 161,

Probabilistic and Bayesian approaches

Probabilistic and Bayesian approaches give complex ways to
predict crop yields, which quantitatively measure uncertainty
and deal with complex climate-yield interactions. These
methods apply probability distributions, Monte Carlo sampling
and Bayesian inference to come up with more resilient
predictions with a confidence interval.

Probabilistic and Bayesian statistics is an important step forward
in predicting crop yields in the face of climate variability,
providing advanced techniques to measure uncertainty and to
include a variety of sources of variability in a prediction model.
Such techniques go beyond deterministic forecasting to give
probability distributions of the possible outcomes, which is
especially useful in assessing risk and making decisions in
agricultural systems.

Bayesian models have particularly been successful in uniting a
variety of data and in taking into consideration several forms of
uncertainty when making predictions of crop yield. Among the
notable applications are multivariate statistical models which
calculate bias and uncertainty of predicted vyield through
Markov-Chain Monte Carlo (MCMC) simulation with machine
learning methods (Newlands et al., 2014) B!, These combined
strategies have the potential to decrease the forecast uncertainty
of model-based crop yield forecasts to 1-4 percent by integrating
satellite remote-sensing and agro-climate data on a probabilistic
framework that integrates both data and model structural
uncertainty.

Particularly promising have been generative probabilistic
models whose parameters are estimated using Bayesian
inference to model crop yield as a function of temperature and
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precipitation. These methodologies tend to use a two-
dimensional Gaussian function to represent crop growth
response to climate variables, which capture non-linear crop
growth response and interactions of meteorological factors
(Shirley et al., 2020) 3 (Cottrell et al., 2025) "],

The use of Monte Carlo simulation techniques is important in
probabilistic yield prediction as it allows the stochastic sampling
of model parameters, and produces distributions of possible
outcomes. In Monte Carlo studies, stepwise regression is used
by researchers to identify climate predictors then regionally pool
regression coefficients and fit probability distributions so that
during stochastic sampling, 10,000 simulations can be created to
cover the entire spectrum of potential yield responses (Zhu et
al., 2019) 531,

Copula functions have been developed as effective in modelling
joint dependence between yield variations and climate
conditions with little input data, giving probabilistic results to
evaluate the risk of crop yield loss due to extreme climate events
(Wang et al.,, 2024) [ These techniques are unlike the
conventional linear or nonlinear fitting techniques as they
estimate the probabilities of yield failures in varying climatic
conditions (Wang et al., 2024) ™. The copula-based studies
have shown moderate and exceptional droughts can elevate the
risk of crop losses by 32-56% with respect to crops and regions
(Leng, 2021) 211 (Leng et al., 2019) 22,

Spatial and temporal dependencies are progressively being
considered in more sophisticated Bayesian modelling models by
use of hierarchical models and dynamic statistical models. These
are spatial basis function methods which involve Bayesian
representations of structural uncertainly on both parametric and
climate model structures, and Bayesian Structural Time Series
methods which break time series down into trend, seasonality,
and covariate components and also permit quantifications of
uncertainty. Other frameworks incorporate dynamic Generalized
Extreme Value distributions whereby the parameters can change
with time together with covariates in response to the non-
stationarity of climate effects (Michaelides et al., 2025) [,
Incorporating modern Bayesian hierarchical modelling schemes
offers a holistic solution to crop yield prediction, model choice
and uncertainty prediction across various future conditions of
greenhouse gas emissions (Li et al., 2025) [4 These
frameworks systematically break down predictive uncertainty to
the contributions of climate models, emission scenarios, and
crop model parameters, and hybrid methods such as machine
learning paired with global gridded crop models cut
uncertainties by 33-78% of major crops (Li et al., 2023) 21,

Hybrid and ensemble methods

Hybrid and ensemble techniques use various modelling
techniques in order to address individual weaknesses and
enhance the accuracy of crop yield prediction. These approaches
combine physics-based models with machine learning
procedures and apply ensemble strategies to minimize
uncertainty and model complicated climate-yield interactions.
Hybrid and ensemble methods are another important advance in
crop yield prediction, which tries to overcome limitations of
individual modelling methods by integrating their advantages to
gain high predictive powers. These models combine
mechanisms of mechanistic knowledge and complex recognition
of patterns by combining physics-based crop models with
statistical and machine learning in a systematic way (Li et al.,
2023) [%%],

Process-based crop models, which are enhanced by machine
learning algorithms, have emerged as the most successful hybrid
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methods in the field of crop forecasting, to enhance accuracy
and uncertainty quantification. Some of the most notable
implementations are the combination of APSIM model outputs
with Random Forest based on indicators of extreme climate
events that produced 81% of the yield changes with a 33%
enhanced performance compared to APSIM alone. In the same
way, hybrid models that integrated MCWLA-Wheat model with
the Random Forest minimized the root mean squared error to
365 kg/ha as opposed to the conventional models.

New ensemble systems show impressive gains in prediction
quality and diminishing uncertainty. The combination of
Dynamic Linear Models and Random Forest and nine Global
Gridded Crop Models in studies resulted in significant
performance improvement, raising correlation coefficients
between 0.15 and 0.77 with maize, and between 0.37 and 0.70
with soybean and reducing uncertainties by 33-78% and 56-68%
respectively (Li et al., 2023) 1, Observational constraints
methods based on machine learning and random forest can
minimize uncertainties (62% vyield average and 52% vyield
variability) in crop yield projections in the future, compared to
traditional linear regression constraint, by far (Yin et al., 2022)
1511

Multi-base model Advanced ensemble architectures have
mechanisms of dynamic stacking of multiple base models.
Modern models integrate Random Forest, gradient boosting and
LSTM networks with adaptive ensemble frameworks that have
the ability to incorporate real-time data regarding the soil,
climate and weather stress factors such as drought severity and
erratic rainfall patterns (Tomar et al., 2025) 8. These mixed
approaches effectively model complicated yield reaction to
severe climate conditions, pests and illnesses and recreates
stressors that were not previously modelled models (Li et al.,
2025) 241 (Heinicke et al., 2022) 251,

The success of hybrid methods lies in their capability to reduce
the predictive uncertainty systematically to reflect the
contribution of climate models, emission scenarios, and crop
model parameters (Li et al., 2025) [4. Current Bayesian
hierarchical models offer holistic solutions that do not make
highly constraining homogeneity assumptions and allow
quantification of uncertainty to be transparently expressed at a
variety of future greenhouse gas emission levels. These models
are the latest edge in crop yield forecasting, and provide
powerful approaches that integrate mechanistic knowledge with
data-driven pattern identification to respond to the intricate
issues of forecasting agricultural results in the face of climate
change.

Model evaluation and performance assessment

Crop yield prediction Model evaluation involves statistical
measures such as R-squared, AIC and cross-validation to
determine the accuracy and the most appropriate models. The
variation in performance generally depends on type of crop,
climate variable, and spatial scale where median R-squared is
about 0.37-0.49 among major crops.

To effectively evaluate crop yield prediction models, it is
necessary to systematically assess the model through a number
of performance measures and validation methods to guarantee
that the prediction can be reliable in the face of climate
variability. Standardized assessment protocols are vital in
comparing other statistical methods due to the fact that the
evaluation methodology adopted immensely influences the
selection of models, and interpretation of findings.
Cross-validation methods are the gold standard of evaluating
models in crop yield prediction as they allow researchers to
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evaluate the out-of-sample performance and prevent overfitting.
Random Forest models often rely on cross-validated predictions
to compute R 2 values that approximate the amount of variance
in yield anomalies that can be attributed to climate predictors
(Vogel et al., 2019) [ More complex cross-validation
techniques based on machine learning are being used in contexts
of causal inference, which entails three steps: eliminating
variation due to non-parametric controls, cross-validation of
residualized data to select weather measures, and adjusting
models to pick climate dimensions useful in adaptation
(Hultgren et al., 2025) [161,

The test of statistical significance is important in establishing the
validity of the model and in this context ANOVA or F-tests are
generally performed at the p = 0.10 level to establish that the
model chosen is statistically significantly better than random
climate models. Reporting on the extent to which the variability
in yield can be attributed to that in climate is only done using
models that satisfy statistical significance levels (Ray et al.,
2015) B71,

There are several criteria of information that are needed to
compare the models with varying number of parameters and
level of complexity. The adjusted R-squared values are used to
compare models with varying number of explanatory variables
by determining the best model by minimizing variability of
dependent variables (Shammi et al., 2021) “2 (Li et al., 2019)
(261, The Akaike Information Criterion (AIC) is used to estimate
the difference between models that are given and those that are
true, with the best model often being the one which has the
lowest value of the Akaike Information Criterion. Bayesian
Information Criterion (BIC) decreases the maximum likelihood
choice and punishes the model complexity with numerous
parameters (Shammi et al., 2021) [*21,

The performance benchmarks have a wide difference between
crops and modelling methods. The median R 2 values in
traditional statistical models are about 0.49 in the case of maize
and 0.37 in the case of soybean, meaning that the variables of
temperature and precipitation have a significant predictive
power of interannual variability in yield (Coffel et al., 2022) 1,
To compare traditional statistical regression with machine
learning methods such as Random Forest and Gradient Boosting
regressors, standard regression measures such as root mean
square error (RMSE), mean absolute error (MAE), and
coefficient of determination (R?) are compared (Akwabeng et
al., 2026) [,

Model performance also depends on climate variable and spatial
scale to a large extent providing significant considerations to
evaluation strategies. Statistical models exhibit varying strengths
when predicting different types of climate response, with panel
and cross-sectional models being more effective in predicting
temperature response and time-series models more effective in
predicting precipitation change response (Islam et al., 2018) [17]
(Gyamerah et al., 2024) 81 (Gyamerah et al., 2020) 41,
Quantification of uncertainty has become part of model
evaluation, and bootstrap resampling methods have frequently
been applied in the evaluation of uncertainty in regression
estimates. Researchers usually generate 1000 distinct datasets as
a result of resampling and model different statistical models to
each dataset to measure ranges of uncertainty (Leng et al., 2017)
(23, The higher-order methods take samples of the coefficient
estimates based on the t-distributions of students in mean
coefficient estimates and standard errors to produce thousands of
estimates to measure the uncertainty in prediction (Coffel et al.,
2022) 11,

A stress test on a variety of different statistical procedures can
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be used to ensure that the findings are not reliant on one
particular modelling decision. Random Forest models are often
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multiple linear regression to ensure that the performance is not
only better with the random forest model but also with other

evaluated comparatively with Support Vector
Generalized Additive Models,

Machines,

K-Nearest Neighbours, and

statistical learning models (Vogel et al., 2019) 181,

Model Category

Specific Algorithm/Method

Key Performance Metric (R2
or Accuracy)

Advantage/Characteristic

Traditional Regression

Multiple Linear Regression
(MLR)

R2:0.37-0.49

Foundation for operational predictions in developing nations.

Machine Learning

Random Forest (RF)

High Predictive Power

Less sensitive to climate data aggregation compared to linear
models.

Deep Learning

LSTM Networks

R2: 0.76 (76%)

Effective at capturing cumulative and non-linear relationships.

Deep Learning CatBoost Accuracy: > 99% Specifically demonstrated exceptional results for rice yields.
Advanced Stats Support \ggm)Machmes R2:0.84 -0.90 Very effective with sequential climate data.

Hybrid Systems

APSIM + Random Forest

81% of yield changes explained

33% better performance than using the process-based model
alone.

Bayesian Hierarchical /

Uncertainty reduction: 33% —

Systematically breaks down predictive uncertainty from

Hybrid Systems

Ensemble 78%

climate models and emission scenarios.

Challenges and limitations

Overfitting with large numbers of variables, poor performance in
a complex climate and assumptions of stationarity that break do
n in climate change are some of the major challenges
confronting statistical crop yield prediction. Such techniques
also have the challenge of nonlinear relationships and spatial-
temporal dependencies that are hard to model using
conventional techniques.

Although statistical approaches towards crop yield prediction
under climate variability have been widely used, and have
proven to be useful, a number of fundamental challenges and
limitations impact their reliability and applicability. These
constraints are more acute when climate patterns are becoming
more volatile and more complex agricultural systems are being
modelled with more sophisticated models.

The overfitting issue that arises with a large number of predictor
variables is one of the most problematic issues with statistical
crop yield models. Although multiple linear regression models
have been found to be effective when predictors are not too
many in number, ordinary least squares estimation is usually
affected by overfitting issues when many potential explanatory
variables are taken into account and thus undermines the
predictive ability of these methods (Bachmair et al., 2018) [,
The situation is the most acute when the number of variables is
significant relative to the number of data points, or when there is
a high degree of correlation among input variables.

Another basic challenge of statistical methods is the nonlinear
and complicated association between crop yield and climate
variables. The effect of climate variability on crop production,
due to complexity and non-linear correlation between crop
production and climate factors, may be challenging to accurately
measure and estimate using statistical methods (Gyamerah et al.,
2020) 4. This complication is enhanced by the fact that the
behaviour of statistical models varies with the climate variable
and spatial scale under consideration with responses to
temperature change being better forecasted using panel and
cross-sectional models than responses to precipitation change
(Gyamerah et al., 2024) 14,

Conventional crop yield forecasting models tend to be simplistic
in their use of statistical applications that do not consider the
intricate interaction of climatic conditions, spatial variation, and
crop behaviour (Michaelides et al., 2025) . Such models
generally consider the situation as stationary and neglect the
dynamic character of the climatic effects which are more and

more unstable due to the global climate change (Michaelides et
al.,, 2025) [0 The stationarity assumption is especially
troublesome to extreme value modelling, where classical
methods might be inadequate to reflect how climate extremes
vary over time.

Statistical models indicate that there are significant performance
constraints in some environments and agricultural systems.
Findings are inaccurate in agricultural systems that are subjected
to oceanic weather and high levels of inputs where agro-
meteorological processes associated with excess water like
nitrogen loss, diseases, anoxia and unfavourable harvest
conditions are not sufficiently represented by existing modelling
frameworks (Lecerf et al., 2019) % Such shortcomings
underscore the importance of enhanced modelling of complex
biological and physical mechanisms that influence crop yields in
changing climatic conditions.

The spatial and temporal inconsistency of predictor performance
provides more problems to model reliability. Although crop
model predictors are more predictable as they generalize the
series of agro-meteorological conditions over the entire growing
season, the success of meteorological predictors is spatially and
temporally incoherent and varies depending on crop phenology
(Lecerf et al., 2019) 20, This inconsistency complicates the
ability to come up with robust models that can work consistently
across various regions and time periods.

The problem of data quality and availability also limits the
usefulness of statistical methods. The fact that there is a
difference in the performance of models that use reported yield
data, and those that use remote sensing-obtained data, indicates
that the quality of data is a paramount constraint, and remote
sensing yield data exhibit worse performance than ground-based
data. These data constraints are especially troublesome to the
extent that they attempt to represent regional variability and to
address local adaptation strategies that play a major role in
determining yield outcomes (Schauberger et al., 2017) [*31,

Data preprocessing and feature engineering

The preprocessing of data used in crop yield prediction includes
detrending climate and yield data to eliminate technological
gains and linear tendencies, followed by feature engineering
approaches such as aggregation of climate variables at various
time scales and dimensionality reduction approaches to manage
large volumes of correlated predictors.

Successful preprocessing of data and feature engineering are
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important processes in coming up with strong statistical models
to predict crop yields in the face of climate fluctuation. These
preprocessing tasks should deal with the complexity of
agricultural data in which yield data have responses to not only
climate variability, but also non-climate variables that include
technological advancements, management transitions, and
economic realities.

Most statistical models of crop yield modelling are based on the
detrending process. A common preprocessing process consists
of three steps conducted systematically, starting with the
calculation of harvested-area-weighted average seasonal and
annual average temperature and precipitation data at political
entities that grow crops; then detrending climate and yield data;
and finally developing regression models between detrended
yield data and climate data (Ray et al., 2015) F7. This
detrending is essential since the change in crop yield is not just
due to climate change but other factors such as technological
change that have to be distinguished by climate signals (Feng et
al., 2023) 10,

Several detrending techniques can be obtained to eliminate non-
climate trends in yield data. Popular methods are differencing
techniques, multi-year moving averages, linear regression and
filtering analysis (Feng et al., 2023) (%, One of the most
common methodologies that have been effectively used to
separate contributions of climate and non-climate factors to
observed crop yield evolution and to extract and analyse climate
impacts on yield are the first-difference methods (El-Maayar et
al., 2013; Lobell et al., 2007; Osborne et al., 2013) [%28.33],
Another important preprocessing problem is climate variable
aggregation, and the temporal resolution and aggregation
approach has a strong impact on model performance.
Comparative studies of various methods have indicated that
principal component analysis or an average of monthly data-
based models have better predictive ability than those based on
more complex dimension reduction methods. Random Forest
models are less sensitive to climate aggregation schemes than
linear regression models to predict yields, indicating that
machine learning models can be more resilient to preprocessing
decisions (Chen et al., 2024) B,

Improved feature engineering methods deal with the issue of
large volumes of potentially correlated climate predictors.
Principal component analysis and functional principal
component analysis are becoming more popular to improve the
reliability of the model and solve the problem of
multicollinearity among weather-related variables (Yavrum et
al., 2025) B9 In complicated modelling systems, a researcher
will tend to come up with various versions of climate variables,
with single and squared terms, many possible combinations of
predictors, which must be systematically chosen with criteria
such as the Akaike Information Criterion (Ray et al., 2015) [7],
Different kinds of statistical models have been given special
preprocessing methods. Linear mixed-effects models must be
specified carefully to include fixed effects such as changes in
temperature and precipitation, CO, concentration changes, and
categorical variables such as adaptation measures, and random
effects on the study areas, crops and climate models. To perform
distribution-based analyses, relative distribution approaches are
employed to represent variations in whole yield distributions
across baseline and climate change conditions, breaking down
the changes into location and shape terms with non-parametric
frameworks (Stella et al., 2021) 431,

The preprocessing workflow should also be able to support the
combination of various data sources and modelling methods.
The frameworks of meta-analysis involve the development of
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standardized data set of several studies that vary in terms of
crops, regions, scenarios, time periods and methods of analysis,
which involves a careful harmonization of various data forms
and various time scales (Zhang et al., 2021; Liu et al., 2019) B2
27, The detailed preprocessing of these steps makes it possible to
have statistical models that are capable of capturing the climate-
yield relationships and also control the confounding factors that
would otherwise bias the outcome of prediction.
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