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Abstract

Accurate crop yield prediction is essential to ensure global food security
under changing climatic, environmental and agro-industrial conditions. This
study presents a comprehensive comparative analysis of machine learning al-
gorithms for large-scale yield prediction using agroecological parameters and
pesticide usage as key explanatory variables. Crop yield prediction dataset,
downloaded from Kaggle, comprising 28 242 records across multiple countries
and crops was preprocessed and modelled with 17 algorithms, including tree-
based, regression-based, support vector, neural network, boosting, and ensem-
ble approaches. Model performance was assessed using root mean square error
(RMSE) and coefficient of determination (R2). Modelling and visualization
were performed in Python 3 using corresponding external modules. Among
global models, Extra Trees achieved the highest accuracy (R2 = 0.991, RMSE
= 8282.92 hg/ha), outperforming both gradient boosting and neural network
approaches. Ensemble techniques, particularly stacking ensembles, provided
comparable accuracy (R2 = 0.990), confirming the robustness of tree-based
methods. Feature importance analysis highlighted crop type (0.609) as the
dominant predictor, while pesticides (0.110), average temperature (0.108), and
rainfall (0.087) emerged as the most influential agro-environmental factors.
Country-specific models achieved near-perfect predictive power (R2 ≈ 1.0) for
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India, Brazil, Pakistan, Mexico, and Turkey, while Ukraine’s best-performing
model (XGBoost, R2 = 0.980) revealed yields averaging 43.4% below the global
mean. Crop-level analysis identified potatoes, cassava, and sweet potatoes as
the highest-yielding crops globally. These results demonstrate the superiority
of tree-based and ensemble models for yield forecasting and emphasize the value
of localized modelling strategies. Findings provide actionable insights for opti-
mizing agricultural practices and guiding sustainable intensification policies.

Key words: data-driven agriculture, feature importance analysis, regres-
sion, ensemble modelling, sustainability

Introduction. Large-scale crop yield prediction plays a vital role in mod-
ern agricultural science. It supports food security, informs policies to mitigate
agroecological and agrotechnological risks, and contributes to the sustainable use
of natural resources and long-term ecosystem stability [1]. Despite decades of
research, yield prediction remains challenging due to the complex interplay of
numerous environmental and human factors under uncertain natural conditions
[2]. Addressing these complexities increasingly requires advanced computational
methods, particularly those rooted in machine learning.

Current approaches to yield prediction vary widely by data sources, mod-
elling techniques, and spatial or temporal scale. These include models based on
historical data, remote sensing, crop growth simulations, and statistical or em-
pirical methods – of which remote sensing and empirical models are now most
prevalent [3]. Advances in machine learning have significantly enhanced empiri-
cal modelling, enabling more accurate capture of complex, nonlinear relationships
in large, noisy datasets [4]. Machine learning also allows integration of diverse
variables, including agrotechnological factors like pesticide use, alongside weather
and remote sensing data, improving predictive power and decision-making rele-
vance [5].

However, the performance of machine learning algorithms depends heavily
on dataset characteristics and prediction goals. Comparative studies, such as
Dhaliwal and Williams [6], have shown that ensemble methods like Random
Forest can outperform traditional regressions in accuracy and reliability. Similarly,
Jabed and Murad [7] noted that models such as Random Forest, Support Vector
Machines, and neural networks consistently yield strong results, while deep learn-
ing methods like CNNs and LSTMs are becoming increasingly effective for more
complex scenarios. Simpler regression-based models often fall short, particularly
when compared to ensemble or deep learning approaches [8].

Yet, many studies focus on narrow datasets – single crops, regions, or lim-
ited features – making broad generalizations difficult. Few have systematically
compared a wide array of algorithms using a unified, large-scale framework with
impactful features. This study aims to fill that gap by providing a comprehensive
comparison of established machine learning algorithms for large-scale crop yield
prediction. Using a robust big data framework – integrating meteorological data
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and pesticide usage – we evaluate algorithm performance to identify the most
effective and efficient approaches for this critical task.

Methodology. Data source and structure. The analysis used a
structured crop yield prediction dataset from Kaggle (https://www.kaggle.com/
datasets/mrigaankjaswal/crop-yield-prediction-dataset?resource
=download), containing variables such as country (Area), crop type (Item), year,
yield (hg/ha), annual rainfall (mm), pesticide use (t/ha), and mean annual tem-
perature (◦C). These features supported both agrotechnological and agroecological
modelling.

Data preprocessing. The dataset was cleaned by imputing or removing
missing values. Categorical features (e.g., crop type, country) were encoded, and
numerical features scaled for distance-based algorithms. Stratified sampling en-
sured balanced train-test splits across crops and countries [9].

Machine learning models. Over 15 models were evaluated across global,
country-specific, and crop-specific contexts, including: 1) Tree-based ensembles:
Random Forest, Extra Trees, Gradient Boosting, XGBoost, LightGBM; 2) Linear
models: Linear Regression, Ridge Regression, Lasso Regression, Elastic Net; 3)
Kernel and distance-based methods: Support Vector Regression (SVR), k-Nearest
Neighbours (KNN); 4) Other learners: Artificial Neural Networks, AdaBoost.
Advanced methods such as Voting, Stacking, Bagging, and hyperparameter-opti-
mized boosting (XGBoost, LightGBM) were also applied [10].

Model training and evaluation. Models were trained using Python ML
libraries. Performance was evaluated using R2 and RMSE to capture explained
variance and prediction error [11]. Results were analyzed globally, by country,
and by crop type.

Feature importance analysis. Tree-based models provided feature impor-
tance scores, assessing the impact of environmental (rainfall, temperature, pes-
ticide use) and structural variables (crop, year) [12]. Rankings were generated
globally and regionally.

Visualization and reporting. Results were summarized in high-resolution
plots: model comparisons, country-level outcomes, feature importance, yield dis-
tributions, and trends. Ukraine was analyzed as a mandatory case. All visualiza-
tions were saved separately to ensure clarity.

Results and discussion. The comparative evaluation of machine learning
models demonstrated a clear superiority of tree-based and ensemble approaches
in predicting crop yields at a global scale. Among individual algorithms, Ex-
tra Trees achieved the best overall performance (R2 = 0.991, RMSE = 8282.92
hg/ha), marginally outperforming ensemble strategies such as the Stacking En-
semble (R2 = 0.990, RMSE = 8373.28 hg/ha). Random Forest and Bagged Trees
also produced highly accurate predictions (R2 = 0.986), whereas linear and regu-
larized regression techniques exhibited weak explanatory power (R2 ≈ 0.08) and
high error, indicating the nonlinearity and complexity of relationships between
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the yields of the studied crops and explanatory variables. Similarly, support vec-
tor regression failed to generalize, returning a negative R2. Neural networks and
boosting methods such as AdaBoost and Gradient Boosting achieved moderate
results but consistently underperformed relative to tree-based ensembles (Table 1).

T a b l e 1

Comparison of machine learning models for yield prediction from tem-
perature, rainfall, and pesticide use

Model RMSE (hg/ha) R2

Random Forest 10188.48 0.986
Gradient Boosting 34773.82 0.833

Extra Trees 8282.92 0.991
Linear Regression 81501.76 0.084
Ridge Regression 81501.77 0.084
Lasso Regression 81501.78 0.084

Elastic Net 82012.86 0.073
Support Vector Regression 93406.09 −0.203

k-Nearest Neighbours 24599.55 0.917
AdaBoost 55102.77 0.581

Neural Network 54290.31 0.594
XGBoost 13469.57 0.975
LightGBM 17195.32 0.959

Voting Ensemble 13499.09 0.975
Stacking Ensemble 8373.28 0.990

Bagged Trees 10251.11 0.986
Advanced AdaBoost 51812.02 0.630

XGB Tuned 17780.06 0.956
LightGBM Tuned 19425.36 0.948

Feature importance analysis confirmed that crop type (0.609) was the most
influential factor in determining yield outcomes, reflecting the inherent biological
productivity differences among the crops, enrolled in the study. Environmental
and pest management parameters – pesticide use (0.110), temperature (0.108),
and rainfall (0.087) – were also identified as critical drivers, but with significantly
lesser impact on the yields (Fig. 1). Notwithstanding the fact of somewhat higher
feature importance value for pesticide usage, it has just a subtle difference with
the importance of meteorological factors (air temperature and rainfall amounts),
therefore, these three factors could be considered equally important critical fac-
tors after the crop type. This highlights the dual role of agronomic practices
and climatic conditions in shaping yield variability, aligning with contemporary
challenges in precision and climate-smart agriculture.
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Fig. 1. Global feature importance analysis for yield prediction

Fig. 2. Country-specific Random Forest model performance for top 10 coun-
tries and Ukraine

At the country level, localized models reached near-perfect accuracy (R2 ≈
1.000) for India, Brazil, Pakistan, Mexico, and Turkey (Fig. 2). In contrast, the
best model for Ukraine as the major European agrarian country was XGBoost
(R2 = 0.980), revealed average yields 43.4% below the global mean, underlining
regional production gaps. Feature importance analysis showed an overwhelming
dominance of crop type (0.904) as the primary determinant of yields in Ukraine,
with only minor contributions from year (0.062), pesticides (0.022), and temper-
ature (0.012). Rainfall and country-level context were negligible, emphasizing
that yield prediction in Ukraine depends far more on biological crop characteris-
tics than environmental variability. This suggests that crop-specific models offer
greater utility for Ukrainian agriculture than generalized country-level approaches.
Average yield analysis by crop confirmed potatoes as the highest-yielding crop
(> 120 000 hg/ha), nearly tripling the yields of staple cereals such as wheat
(∼ 28 000 hg/ha) and maize (∼ 39 000 hg/ha). Rice (paddy) also performed
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well (∼ 42 000 hg/ha), while sorghum and soybeans produced significantly lower
yields (< 15 000 hg/ha). These disparities reflect both biological potential and
management intensity, positioning potatoes and rice as highly productive crops,
while cereals remain central due to dietary and market demand.

From a computational perspective, these results reinforce the value of inter-
pretable, high-capacity machine learning models for agricultural decision-making,
while also underscoring the risks of underperformance in heterogeneous regional
datasets. Crop-specific analyses further identify potatoes, cassava, and sweet
potatoes as globally dominant in yield potential. Grain yields remain well below
the levels needed to ease food insecurity (Fig. 3). The largest fluctuations and
uncertainty occur in potato and cassava yields, whereas the strongest stability is
observed for soybeans, sorghum, and wheat.

Fig. 3. Yield distribution of the major crops

The comparison of base and ensemble models for global crop-yield prediction
revealed three patterns: (1) tree-based methods consistently delivered the highest
accuracy; (2) ensemble models offered only slight improvements over the top single
model (Extra Trees); and (3) linear and kernel methods proved unsuitable for
this large-scale prediction task, likely due to their mismatch with the dataset
rather than inherent algorithmic weakness. Recent studies report similar but less
pronounced differences. The results show that while ensemble methods performed
reliably, the Extra Trees model outperformed all combined ensembles, emphasizing
the need to match algorithms to data complexity in yield prediction. Overall,
the study demonstrates that robust, interpretable machine learning models can
effectively support yield forecasting and sustainable agricultural planning.

Our study showed that for global crop-yield prediction using weather and
pesticide data, the Extra Trees had the highest accuracy for global crop-yield
prediction, followed by Stacking Ensemble, Bagged Trees, and Random Forest.
Stacking was strong but slow and resource-heavy [13], while Random Forest was
fastest and most efficient [14].
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These findings are supported by previous research. Jhajharia et al. [15] re-
ported Random Forest outperforming Support Vector Machine, Gradient Descent,
Long Short-Term Memory, and Lasso regression in yield prediction for Rajasthan.
Similarly, Panigrahi et al. [16] found it delivered the best accuracy among six re-
gression models in predicting farm production. Another study comparing five ML
models across six crop datasets showed Random Forest performed best for chick-
pea, while Gaussian Process led for wheat and pearl millets; K-Nearest Neighbours
and AdaBoost were the weakest [17]. In our case, AdaBoost showed modest re-
sults, while KNN performed reasonably well. Maheswari and Ramani [18] also
found Random Forest superior to Logistic Regression, Naive Bayes, SVM, De-
cision Trees, KNN, and XGBoost. For rice yield prediction in India, Random
Forest achieved R2 scores of 0.85 and 0.81 for calibration and validation, respec-
tively [19]. These studies confirm Random Forest’s consistent reliability across
crops and regions, though model performance still varies by dataset and predic-
tion task. Despite Random Forest’s efficiency and strong performance, Extra
Trees was the top performer in our analysis. Therefore, Random Forest is recom-
mended primarily for speed and low computational demand, while Extra Trees
is ideal when maximum accuracy is needed. Data characteristics also influence
model outcomes. Our results, based on weather and pesticide inputs, suggest that
ensemble tree models generalize well; however, performance may shift when using
remote sensing or agrotechnological data. For instance, Jhajharia and Mathur
[20] found Random Forest outperformed Decision Tree, Lasso, and SVR using
remote sensing data.

Finally, while deep learning is often regarded as highly accurate, its signif-
icant computational demands raise questions about its practical value in large-
scale agriculture. Future work should benchmark deep learning models against
tree-based ensembles across varied datasets to assess whether increased accuracy
justifies the added complexity and resource use. Besides, it should be mentioned
that our study still has several limitations, such as missing soil data (soil fertility
is crucial for crop yields estimation), as well as absence of data on fertilization,
irrigation and tillage (these factors are among the most influential agrotechnolog-
ical factors that shape crop productivity). Also, deep learning algorithms were
not investigated because of computation power limitations.

Conclusions. This study confirmed the effectiveness of advanced machine
learning methods – particularly tree-based models – for crop yield prediction based
on agroecological and management factors. Extra Trees achieved the highest ac-
curacy (R2 = 0.991), with ensemble methods also performing well, though not
consistently better than top individual models. Random Forest is recommended
when computational efficiency is a priority, while linear and kernel models proved
insufficient for this task. Feature importance analysis showed crop type as the
strongest predictor, followed by pesticide use, temperature, and rainfall, high-
lighting both biological and environmental influences. Overall, tree-based and

142 P. Lykhovyd, L. Hranovska, O. Averchev et al.



ensemble models offer reliable, interpretable tools for large-scale yield prediction.
These findings support sustainable agriculture, food security planning, and pre-
cision farming. Future research should compare deep learning against strong en-
semble models and incorporate broader economic and environmental data.
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