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1 INTRODUCTION

Accurate and timely crop yield prediction supports food-security assessment, national
production planning, and resource allocation. Machine-learning models can represent
nonlinear associations among climate, agricultural inputs, and crop production that are
difficult to capture with fixed-form statistical models[1], [2], [3], [4]. Gradient-boosting
methods are particularly suitable for heterogeneous tabular data because they can model

interactions without requiring a predetermined Functional Form [5], [6], [7].

Most crop-vield studies operate at field, farm, county, or regional scales, where detailed
meteorological, soil, remote-sensing, and management observations are available [8], [9].
This study instead considers country-level historical records. Although national
aggregation masks sub-national variability, such data remain useful for macro-level
benchmarking because they provide broad temporal coverage, common crop categories,
and comparable national reporting units. The framework is therefore intended Ffor
country-level Forecasting research and policy-level analysis, not causal agronomic

inference or farm-level operational recommendations.

Previous studies show that climate and agricultural inputs can improve yield prediction
beyond historical production patterns [3], [4]. Feature engineering may further expose
interactions, temporal dependencies, and nonlinear responses [8], [10]. However, its
contribution is often evaluated under random partitions that allow repeated country-
crop series to occur in both training and test sets. Such overlap can create optimistic
performance estimates and obscure whether engineered features improve temporal or

geographic transferability [11].

To address this limitation, the proposed framework separates five feature modules:
agroclimatic indices (FC-1), climate-pesticide interactions (FC-2), temporal descriptors (FC-
3), composite risk and potential indices (FC-4), and nonlinear transformations (FC-5). Their
contributions are evaluated through cumulative scenarios S0-S4 and per-module
ablations A1-A5 using XGBoost and LightGBM. The protocol combines a time-based split,
Random KFold, GroupKFold by country, country-cluster bootstrap intervals, and a final

held-out-country evaluation.
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This study investigates three research questions: (RQ1) Which Feature modules enhance

country-level crop-yield prediction, and are their effects dependent on the model? (RQ2)
How do model rankings vary across temporal and geographic validation protocols? (RQ3)
To what extent do the selected configurations generalize to countries excluded prior to
model development? The primary contribution is a validation-aware Feature-scenario
analysis that differentiates within-country temporal prediction from transfer to

previously unseen countries.

2. METHODS

Figure 1 presents the leakage-controlled experimental workflow that structures the
entire method. The process begins with 28,151 country-crop-year observations from 98
countries. Before Feature-statistics Fitting, categorical encoding, hyperparameter tuning,
scenario selection, or model fitting, 19 countries were reserved once using seed 42,
leaving 79 countries for development. Within the development countries, observations
through 2009 were used for training and observations from 2010-2013 were used for
the time-based test. The development data were then used to construct cumulative
scenarios SO-S4 and per-module ablations A1-A5, tune XGBoost and LightGBM using 20

Optuna trials per configuration and select the final configurations.

1. Source data 2. Pre-model holdout 3. Development protocol
28,151 country-crop-year observations 19 countries reserved once 79 development countries
98 countries; 10 crops; 1990-2013 seed 42; no replacement train < 2009; test 2010-2013

J

6. Validation and reporting

!

4. Feature scenarios 5. Model selection
. . p Time-based test; GroupKFold
S0 baseline; S1-S4 cumulative XGBoost and LightGBM
) ) ] ) cluster bootstrap; held-out S1/S3
Al-A5 per-module ablation 20 Optuna trials per configuration

SHAP; residuals; statistical tests

Figure 1. Leakage-controlled experimental workflow
As shown in Figure 1, model development and final geographic evaluation were
deliberately separated. Random KFold and GroupKFold by country, country-cluster

bootstrap intervals, statistical comparisons, SHAP analysis, and residual diagnostics were
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produced within the development protocol. Only after tuning, scenario selection, and

model selection had been completed were S1 and S3 evaluated on the same fixed held-
out countries. This ordering prevents held-out-country outcomes from influencing model
development. Sections 2.1-2.6 describe the problem formulation, data, leakage control,
Feature scenarios, model optimization, and evaluation procedures represented in the

workFflow.

2.1. Problem Formulation

Crop-yield prediction is formulated as supervised regression. For observation i, the input
vector x; contains country and crop indicators, primitive climate and pesticide variables,
and scenario-specific engineered features; vy; is the reported crop yield in hectograms
per hectare (hg/ha). The learning objective in equation (1) explicitly represents this

regularized empirical risk objective.

f= arg mfin E ?:1 L (yi, f(Xi)) + lﬂ(f)] M

where n is the number of training observations, f(xi) is the prediction, £ is the regression
loss, Q(F) is a model-complexity penalty, and A controls regularization. XGBoost and
LightGBM are trained independently for each cumulative and ablation scenario. Equation
(1) shows that model Ffitting balances predictive loss against model complexity, so
scenario comparisons reflect both Ffeature representation and regularized learner

behavior.

2.2, Dataset

The source is the public Crop Yield Prediction Dataset distributed through Kaggle [12].
The Kaggle description attributes its components to international agricultural and
development records; recent peer-reviewed global crop-data products similarly
demonstrate the harmonization of national statistics and geospatial observations [13],
[14]. The raw File contains 28,242 observations from 101 countries and ten crop types
covering 1990-2013. After excluding three countries with fewer than 15 observed years,
the Final analytical dataset contains 28,151 country-crop-year observations from 98

countries; zero-pesticide records were retained as valid observations.
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The recorded variables are country, crop type, year, annual rainfall, annual mean

temperature, pesticide use, and crop vield. Rainfall and temperature values were taken
directly from the source dataset and were not synthetically generated in this study.
Annual Mauna Loa atmospheric CO, means were mapped by year from NOAA Global
Monitoring Laboratory records [15]. Because CO, increases almost monotonically over the
study period, it is interpreted as a temporal-trend proxy rather than independent causal
evidence of Ffertilization. Figure 2 provides the descriptive context for the modeling task
by summarizing the yield distribution, temporal trend, and crop-level differences in the
analytical dataset. Figure 2 shows a strongly right-skewed yield distribution, a rising
mean-yield trajectory over time, and substantial differences among crop categories.
These patterns motivate nonlinear models and explicit controls for crop identity and
temporal trend.

Distribution of log crop yield Mean crop yield by year Mean crop yield by crop type
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Figure 2. Exploratory summary of the crop-yield dataset

2.3. Preprocessing and Leakage Control

Nineteen of the 98 countries were selected once by simple random sampling without
replacement using seed 42. The selection was not stratified by crop, yield, or climate.
These countries were reserved before feature-statistics Fitting, categorical encoding,
hyperparameter tuning, scenario selection, and model fitting. The remaining 79 countries
formed the development set. Crop coverage was retained across both groups, and the
fFixed held-out set was accessed only after development-stage selection was complete.
Country and crop type were one-hot encoded. The encoders were Fitted only on
development-training observations and used handle_unknown='ignore'. Consequently, all
4298 rows from held-out countries were represented by zero across the 79

development-country indicator columns. Held-out predictions therefore relied on crop
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identity, year, observed climate and pesticide variables, and scenario-specific engineered

features rather than a country-specific indicator.

Within the development countries, the primary time-based split used observations
through 2009 for training (19,657 rows) and 2010-2013 for testing (4,196 rows). A random
80:20 split was retained only as an optimistic benchmark. GroupKFold validation used
country as the grouping variable. Feature-specific minimum, maximum, standard-
deviation, and year-range statistics were fitted only on the relevant training partition and
refitted within each GroupKFold training fold. Lag, rolling, difference, percentage-change,
and cumulative variables were generated after sorting by country, crop, and year, and

used only previous observations. Initial unavailable lags were set to zero.

2.4. Modular Agroclimatic Feature Engineering Framework

Five primitive numeric variables and 37 engineered variables were considered in addition
to one-hot country and crop indicators. The modules contain FC-1 = 8, FC-2 = 6, FC-3 =
12, FC-4 = 4, and FC-5 = 7 features. Table 1 gives the exact definitions used in the
notebook. Table 1 also links every computational definition to its intended predictive

interpretation.

Table 1. Primitive and engineered variables used in the experiments

Module Code Variable Formula / description Interpretation
Water
Primitive rainfall Rainfall Annual rainfall (mm)
availability
Mean
Annual mean temperature Thermal
Primitive temp_mean temperatur
(°C) conditions
e
Pesticide Annual pesticide use Input
Primitive  pesticide_use
use (tonnes) intensity
Atmospheri Annual Mauna Loa CO, Temporal-
Primitive co2_ppm
¢ CO, mapped by year trend proxy
Time
Primitive Year Year Observation year
control
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Module Code Variable Formula / description Interpretation
Thermal- Annual
FC-1 fc1_gdd excess max(temp_mean - 10, 0) thermal
proxy suitability
Humidity-
fc1l_ombrother Ombrother
FC-1 rainfall / (2 x [temp_mean|)  temperatur
mic mic index
e ratio
Climate
Lang rain
FC-1 Fcl_lang_rf rainfall / [temp_mean| humidity
Factor
ratio
Hydrother Moisture-
FC-1 fFcl_htc mal (rainfall x 10)/(Fc1_gdd x 30) heat
coefFficient balance
De
Aridity
FC-1 Fc1_aridity_dm Martonne rainfall/(temp_mean + 10)
indicator
index
Potential
Temperatur 16 x (10 x
water
FC-1 fFcl_pet e-based max(temp_mean,0)/120)
demand
PET proxy "M.514
proxy
Water- Annual
FC-1 Fc1_wbi balance rainfall - 12 x fcl1_pet surplus/def
index icit proxy
Water
Water-
FC-1 Fcl_wsr rainfall/ (12 x Fc1_pet) sufficiency
supply ratio
proxy
Pesticide Input
FC-2 Fc2_pce per heat pesticide_use/(Fc1_gdd + 1) relative to
unit heat
Pesticide- Input
FC-2 Fc2_pwi water pesticide_use/(rainfall + 1) relative to
interaction rainfall
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Module Code Variable Formula / description Interpretation
Optimal
Climate-
climate- (opt_rain + opt_temp) x
FC-2 Fc2_ocpi input
pesticide pest_norm
interaction
interaction
Pesticide Alternative
pesticide_use/ (rainfall/100 +
FC-2 Fc2_pipu intensity | water
1
per rainfall scaling
Input under
Temperatur
Favorable
FC-2 Fc2_tpe e-pesticide temp_opt x pest_norm
temperatur
efficiency
e
Trend-
CO,-water  loglp(max(co2_ppm-354,0)) x
FC-2 Fc2_cFwi water
interaction clip(Fc1_wsr,0,3)
interaction
Pesticide One-year
FC-3 fFc3_pest_lag1 shift (1)
lag 1 memory
Pesticide Two-year
FC-3 fc3_pest_lag2 shift (2)
lag 2 memory
Pesticide
Past trend
FC-3 Fc3_pest_roll3 rolling mean(shift(1).rolling(3))
smoothing
mean
Fc3_pest_roll3_  Pesticide Past
FC-3 std(shift(1).rolling(3))
std rolling SD volatility
Past
Input
FC-3 Fc3_pest_delta pesticide lagl - lag2
dynamics
change
Past
Fc3_pest_pct_c (lag1-lag2)/|lag2]|, clipped [- Relative
FC-3 percentage
hange 2,2] dynamics
change
Smooth
FC-3 Fc3_year_sin Year sine sin (21 x year_norm)
nonlinear
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Module Code Variable Formula / description Interpretation
time
transform
Smooth
nonlinear
FC-3 fc3_year_cos  Year cosine cos (2 x year_norm)
time
transform
Long-term
Fc3_decade_no Decade training-fitted normalized
FC-3 period
rm index decade
marker
Rainfall lag Past
FC-3 fFc3_rain_lagl shift(1)
1 rainfall
Rainfall Past
FC-3 fc3_rain_roll3 rolling mean(shift(1).rolling(3)) rainfall
mean trend
Cumulative Long-term
Fc3_pest_cums
FC-3 past shift(1).cumsum() prior
um
pesticide exposure
Water Water-
max(Fc1_wbi,0)/(12 x Fc1_pet
FC-4 Fcd_cwpp potential ) surplus
+1
proportion potential
Thermal- Normalized
clip(Fc1_gdd/max_train(Fci_g
FC-4 Fc4_tgsl suitability thermal
dd),0,1)
proxy suitability
Yield- Composite
(rain_score + temp_score +
FC-4 Fc4_yps potential Favorable
pest_norm)/3
score conditions
Composite
Agronomic- 0.5 x water_deficit + 0.5 x
FC-4 Fc4_ari stress
risk index pesticide_volatility
proxy
Variance
Log
FC-5 fc5_log_pest loglp(pesticide_use) stabilizatio
pesticide
n
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Module Code Variable Formula / description Interpretation
Skewness
FC-5 Fc5_log_rain Log rainfall loglp(rainfall)
reduction
Square-
root Smoothed
FC-5 Fc5_sqrt_gdd sqrt(Fc1_gdd)
thermal heat effect
proxy
Nonlinear
Rainfall
FC-5 Fc5_rain_sq rainfall?/10° rainfall
squared
effect
Nonlinear
Temperatur
FC-5 fc5_temp_sq temp_mean?/100 temperatur
e squared
e effect
Thermal-
Climate
FC-5 Fc5_gdd_rain rainfall Fc1_gdd x rainfall/10°
interaction
interaction
Time-
Pesticide-
loglp(pesticide_use) x varying
FC-5 fc5_pest_year year
year_norm input
interaction
intensity

Table 1 confirms that the 37 engineered variables span climate ratios, input interactions,

strictly lagged temporal descriptors, composite proxies, and nonlinear transforms. The De

Martonne-type aridity variable is supported by recent bioclimatic applications [16], while

the PET- and GDD-related features are treated only as data-limited proxies rather than

causal physiological measurements. The standard daily growing-degree-day formulation

and annual accumulation are given in Equations (2) and (3) [17]. Equation (2) defines daily

thermal accumulation, whereas Equation (3) aggregates it over the days observed in year

V.

GDDy4 = max(

AGDD, = Z

Tmax,d + Tmin,d

- Tbasev 0)

G DD,

)

3)
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Daily maximum and minimum temperatures are unavailable in the source data. The

implemented variable is therefore the annual thermal-excess proxy in Equation (4), not
accumulated daily GDD. Together, Equations (2) and (3) clarify the data requirements of
the standard formulation and why it cannot be reproduced from annual mean

temperature alone.

GDDproxyy = Max(Tmeany — Thases 0) @)

Equation (4) is therefore the implemented annual thermal-excess proxy; it preserves the
threshold concept but does not estimate daily heat accumulation. The PET variable is
likewise a temperature-based proxy inspired by Thornthwaite [18], not the full monthly
Thornthwaite procedure. The year transformations use training-fitted bounds: Equations
(5a)-(5¢) then Fformalize the training-fitted year normalization and its two smooth

nonlinear transformations.

Year — Yearpp train

Year = (5a)
norm Yearmax,train - Yearmin,train

Yearg;, = sin(2nYear,orm) (5b)

Year,,s = cos(2mYear,orm) (5¢)

Because the study period is not a repeating seasonal cycle, the sine and cosine terms are
interpreted as smooth nonlinear time transforms. All module definitions are empirical
transformations and should not be interpreted as independently validated causal
agronomic mechanisms. Equation (5a) prevents test-period bounds from entering
preprocessing, while Equations (5b) and (5¢) provide bounded nonlinear representations
of long-term time. Table 2 translates the modular definitions into the exact cumulative

and single-module experimental scenarios used for model comparison.

Table 2. Feature composition of cumulative and ablation scenarios

Scenario Feature composition Count
SO - Baseline Country one-hot (79) + crop one-hot (10) + Year 90
S1 - Primitive SO + rainfall, temp_mean, pesticide_use, co2_ppm 94
S2 - FC1+FC2 S1+ FC-1+ FC-2 108
S3 - FC1+FC2+FC3 S2 + FC-3 120
S4 - Full FC S3 + FC-4 + FC-5 131
A1-A5 S1 + exactly one of FC-1, FC-2, FC-3, FC-4, or FC-5 98-106
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Table 2 shows that model dimensionality increases from 90 predictors in SO to 131 in S4,
while A1-A5 isolate one module at a time; this separation is essential for distinguishing

cumulative interaction effects from individual module contributions.

2.5. Model Training and Hyperparameter Optimization
XGBoost and LightGBM were evaluated because both are strong gradient-boosted
decision-tree implementations for tabular data [5], [6]. XGBoost regularizes each tree

according to the explicit XGBoost tree complexity term given in Equation (6).
Tk

1
Q(fk) = YTk + 57\2 Wl%] (6)
j=1
where T, is the number of leaves, w,; is the weight of leaf j, y penalizes tree complexity,

and A applies L2 regularization. LightGBM uses histogram-based, leaf-wise growth and its
own regularization parameters [6]. Equation (6) shows that additional leaves and large
leaf weights are penalized, thereby limiting overly complex trees; LightGBM controls
analogous behavior through its own leaf-wise architecture and regularization settings[6].
Each of the ten scenarios was tuned independently For both models using Optuna with
TPESampler(seed=42) [19]. Twenty trials were allocated to every model-scenario
combination, producing 400 trials. This fixed budget was selected to keep the ten-
scenario, two-model comparison computationally feasible and strictly comparable; it is a
bounded search rather than a claim of exhaustive optimization. The objective maximized
mean three-fold GroupKFold R> minus 0.5 times its standard deviation, thereby rewarding
both accuracy and stability across countries. Feature statistics required by FC-2 and FC-
4 were refitted inside each tuning fold. Table 3 reports the complete and identical search

domains applied to each model-scenario combination.

Table 3. Optuna search spaces used for independent scenario tuning.

Model Parameters and ranges

XGBoost n_estimators: 100-350; max_depth: 3-7; learning_rate: 0.01-0.3 (log);
subsample: 0.6-1; colsample_bytree: 0.5-1; min_child_weight: 1-10;
gamma: 0-1; reg_alpha: 0-2; reg_lambda: 0-2

LightGBM n_estimators: 100-350; max_depth: 3-7; learning_rate: 0.01-0.3 (log);
num_leaves: 15-63; subsample: 0.6-1; colsample_bytree: 0.5-1;

min_child_samples: 5-40; reg_alpha: 0-2; reg_lambda: 0-2
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Table 3 demonstrates that both model families were tuned under bounded but

comparable ranges; therefore, observed performance differences are less likely to arise
from unequal search budgets. Experiments were run in Google Colab on Linux with 4
physical and 8 logical CPU cores, 50.99 GB RAM, and no GPU. Software versions were
Python 31213, NumPy 2.0.2, pandas 2.2.2, scikit-learn 1.6.1, XGBoost 3.3.0, LightGBM 4.6.0,
Optuna 4.9.0, SHAP 0.52.0, SciPy 116.3. The complete pipeline required 222 minutes,

including tuning; post-tuning model training required 6.0 minutes.

2.6. Evaluation and Statistical Analysis

Performance was reported using R?> RMSE, MAE, and MAPE. Model selection emphasized
R?% RMSE, and MAE. MAPE was retained as a complementary relative-error measure
because low-yield observations can generate disproportionately large percentage errors.
WMAPE and sMAPE were therefore calculated for the selected time-based configuration.
Random KFold and GroupKFold by country used five folds. Time-based and held-out-
country uncertainty was quantified using 2,000 country-cluster bootstrap resamples,
preserving within-country dependence. Paired model and scenario comparisons used
country-level MAE as the statistical unit. Both paired t-tests with Cohen's d_z and
Wilcoxon signed-rank tests with rank-biserial effect sizes were reported. The Friedman
test compared eight model-scenario combinations, followed by a Nemenyi post-hoc
procedure [20], [21], [22]. Residual normality was assessed separately as a diagnostic and
not used as the sampling unit for paired tests. Interpretability analysis used the Final
time-based configuration, S3-LightGBM, and included feature importance, SHAP values
[23], redundancy diagnostics, VIF with an intercept [24], and residual analysis. Because
several engineered variables are deterministic transformations of others, infinite or very
large VIF values are treated as evidence of redundancy rather than stable coefficients

For individual attribution.

3. RESULTS AND DISCUSSION

3.1. Cumulative Scenario Performance

Table 4 reports both the optimistic random split and the primary time-based test. The
final development-stage selection was based on time-based R? with RMSE and MAE used
as supporting criteria. The table directly contrasts overlap-prone random partitioning

with Forward-looking temporal testing for every cumulative scenario.
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Table 4. Performance across cumulative scenarios under random and time-based splits

Split Scenario Model R? RMSE MAE MAPE (%)
Random SO - Baseline XGBoost 09567 17390 11,043 30.28
Random SO - Baseline LightGBM 0.8648 30,724 16,941 45,02

Time-based SO - Baseline XGBoost  0.9184 26,938 16,408 34.59
Time-based SO - Baseline LightGBM  0.8722 33,714 20,314 44,09
Random S1 - Primitive XGBoost 09470 19246 12,044 3274
Random S1 - Primitive LightGBM 09185 23,851 14,077 37.24
Time-based S1 - Primitive XGBoost 0.9217 26,382 16,224 35.10
Time-based S1 - Primitive LightGBM 0.9045 29,41 17,657 38.20
Random S2 - FC1+FC2 XGBoost 09680 14958 8,887 23.67
Random S2 - FC1+FC2 LightGBM  0.9328 21,668 12,577 34.22
Time-based S2 - FC1+FC2 XGBoost 0.9411 22,885 13,312 28.10
Time-based S2 - FC1+FC2 LightGBM 09142 27621 16,424 35.79
Random S3 - FC1+FC2+FC3  XGBoost 09697 14,536 8,958 2420
Random S3 - FC1+FC2+FC3  LightGBM 09772 12,607 7,094 18.38
Time-based S3 - FC1+FC2+FC3  XGBoost  0.9392 23251 13,462 2749
Time-based S3 - FC1+FC2+FC3  LightGBM 0.9492 21257 11,929 2337
Random S4 - Full FC XGBoost  0.9672 15,143 9,163 24.64
Random S4 - Full FC LightGBM 0.9536 17998 11,123 30.86
Time-based S4 - Full FC XGBoost  0.9388 23336 13,551 2864
Time-based S4 - Full FC LightGBM 09240 25997 15432 32.80

The best time-based configuration was S3-LightGBM (R? = 0.9492, RMSE = 21,257 hg/hs,
MAE = 11,929 hg/ha). S2-XGBoost ranked next by R? (0.9411). The winner therefore differs
From the earlier manuscript version: temporal descriptors improved LightGBM only when
combined with FC-1 and FC-2. Random-split performance was consistently more
optimistic and reached 0.9772 for S3-LightGBM, reinforcing that repeated country-crop
histories should not be randomly divided when generalization is the target. Table 4
therefore identifies S3-LightGBM as the temporal winner and quantifies the optimism
introduced by random splitting, particularly for recurrent country-crop histories. Figure
3 visualizes the validation-dependent changes in R*> and RMSE across SO-S4 for both

algorithms.
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Figure 3 makes the ranking shift visible: performance improves sharply under random
evaluation, while country-grouped scores remain much lower and comparatively
compressed. Figure 4 compares observed and predicted yields for both algorithms under

S3 on the time-based test set.
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Actual yield (hg/ha) Actual yield (hg/ha)

Figure 4. Actual versus predicted yield for XGBoost and LightGBM under S3

Figure 4 shows that both models follow the 1:1 line across most of the yield range.
However, prediction dispersion increases at higher observed vyields, and the tighter

LightGBM fit is consistent with its lower RMSE and MAE under S3.

3.2. Per-Module Ablation
A1-A5 add one module at a time to S1, separating individual module effects from
cumulative interactions. Table 5 quantifies each isolated module's incremental effect

relative to the primitive S1 benchmark.
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Table 5. Per-module ablation under the time-based split, relative to S1

Scenario Model R? AR? vs. S1 EFfect
A1 - Primitive+FC1 XGBoost 0.8941 -0.0276 Hurts
Al - Primitive+FC1 LightGBM 0.8946 -0.0099 Hurts
A2 - Primitive+FC2 XGBoost 0.9217 +0.0000 Neutral
A2 - Primitive+FC2 LightGBM 0.9357 +0.0312 Helps
A3 - Primitive+FC3 XGBoost 0.9425 +0.0207 Helps
A3 - Primitive+FC3 LightGBM 0.9157 +0.0112 Helps
A4 - Primitive+FC4 XGBoost 0.9068 -0.0149 Hurts
A4 - Primitive+FC4 LightGBM 0.9279 +0.0234 Helps
A5 - Primitive+FC5 XGBoost 0.9510 +0.0293 Helps
A5 - Primitive+FC5 LightGBM 0.9146 +0.0101 Helps

The effects were model-dependent. FC-1 reduced R? for both models. FC-3 and FC-5
produced the largest isolated gains For XGBoost (+0.0207 and +0.0293), whereas FC-2 and
FC-4 produced the largest gains for LightGBM (+0.0312 and +0.0234). This pattern explains
why no single module can be described as universally beneficial. Table 5 confirms that
module utility is neither monotonic nor algorithm-independent, which rules out

interpreting feature engineering as a uniformly beneficial preprocessing step.

3.3. Cross-Validation and Bootstrap Uncertainty

Table 6 compares five-fold Random KFold and country-grouped cross-validation to
assess how geographic separation changes average performance and uncertainty. The
reported 95% confidence intervals were calculated from Fold-to-fold variation using a
student’'s t-distribution with five folds. These intervals represent uncertainty across
cross-validation folds and should be distinguished from the 2,000-resample country-
cluster bootstrap intervals used for the time-based and held-out-country evaluations in
Tables 7 and 13.

Table 6. Five-fold Random KFold and GroupKFold-by-country results for all scenarios

RMSE [95% MAPE
CV protocol Scenario Model R?*[95% Cl] MAE
cl (%)
0.9555 17,475
Random
SO - Baseline  XGBoost [0.9524, 16,733, 1,276 31.76
KFold
0.9586] 18,216]
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RMSE [95% MAPE
CV protocol Scenario Model R?*[95% Cl] MAE
cil (%)
0.8827 28,361
Random
» SO - Baseline LightGBM [0.8678, [26,109, 16,357 4517
KFo
0.8976] 30,612]
0.5864 52,834
GroupKFold SO - Baseline  XGBoost [0.4374, [35,267, 30,676  64.21
0.7353] 70,400]
0.5869 52,839
GroupKFold SO - Baseline LightGBM [0.4365, [34,894, 30,880 68.94
0.7373] 70,784]
0.9479 18,917
Random
S1 - Primitive  XGBoost [0.9449, 17,977, 11,828  32.07
KFold
0.9508] 19,856]
0.9231 22,975
Random
S1 - Primitive  LightGBM [0.9170, [21,564, 13,862 3644
KFold
0.9292] 24,387]
0.6528 48,362
GroupKFold  S1 - Primitive  XGBoost [0.5779, [35,590, 28,707 63.65
0.7277] 61,135]
0.6681 47,101
GroupKFold  S1 - Primitive  LightGBM [0.5752, [34,130, 28179 6109
0.7610] 60,073]
0.9668 15,092
Random
i S2 - FC1+FC2  XGBoost [0.9637, (14,272, 8,781 23.31
KFo
0.9698] 15,913]
0.9348 21,163
Random
S2 - FC14FC2 LightGBM [0.9301, [19,934, 12,512 3425
KFold
0.9394] 22,391]
0.6626 47,656
GroupKFold  S2 - FC1+FC2  XGBoost [0.5822, [34,759, 28232 5784
0.7429] 60,553]
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RMSE [95% MAPE
CV protocol Scenario Model R?*[95% Cl] MAE
cil (%)
0.6689 47,079
GroupKFold  S2 - FC1+FC2  LightGBM [0.5788, (33,919, 27817 59.24
0.7589] 60,240]
0.9692 14,542
Random S3 -
XGBoost [0.9669, [13,733, 8,855 23.91
KFold FC1+FC2+FC3
0.9714] 15,350]
0.9774 12,460
Random S3 -
LightGBM [0.9767, 1,883, 6,947 18.24
KFold FC1+FC2+FC3
0.9787] 13,037]
0.6765 46,414
S3 -
GroupKFold XGBoost [0.5926, (34,551, 27,760  57.51
FC1+FC2+FC3
0.7604] 58,278]
0.6685 46,901
S3 -
GroupKFold LightGBM [0.5909, [36,185, 28,228 5847
FC1+FC2+FC3
0.7461] 57,618]
0.9658 15,314
Random
i S4 - Full FC XGBoost [0.9632, [14,508, 9,149 2478
KFo
0.9685] 16,120]
0.9528 17,998
Random
i S4 - Full FC  LightGBM [0.9507, (17150, 1,065 3033
KFo
0.9555] 18,845]
0.6644 47157
GroupKFold S4 - Full FC XGBoost [0.5594, [35,027, 27606  55.05
0.7694] 59,288]
0.6774 46,381
GroupKFold S4 - Full FC  LightGBM [0.5718, [32,970, 27,101 57.27
0.7830] 59,792]

Random KFold produced R?® values of 0.883-0.977, whereas GroupKFold by country
produced 0.586-0.677. The highest individual GroupKFold value was S4-LightGBM (0.6774),
but S3 had the highest mean R® across both models (0.6725). Thus, temporal and

geographic rankings are related but not identical. The wide GroupKFold intervals in Table
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6 indicate substantial between-country heterogeneity, whereas the narrow Random
KFold intervals largely reflect repeated geographic patterns shared across folds. Table 7
complements the fold-based analysis by reporting country-cluster bootstrap intervals

For every time-based model-scenario result.

Table 7. Country-cluster bootstrap intervals for the time-based test set

RMSE [95% MAE [95% MAPE
Scenario Model R?[95% Cl]
Cl] (o] [95% Cl]
0.9184 26,938 16,408 3459
SO - Baseline XGBoost [0.8819, [23,653, [14,994, [28.45,
0.9356] 30,250] 18,241] 43.59]
0.8722 33,714 20,314 44.09
SO - Baseline  LightGBM [0.7853, [29,348, 17,622, [34.44,
0.9122] 40,4171 24,944] 59.57]
0.9217 26,382 16,224 35.10
S1 - Primitive XGBoost [0.8733, [23,382, 4,341, [28.30,
0.9447] 30,608] 19,053] 4510]
0.9045 29,141 17,657 38.20
S1 - Primitive  LightGBM [0.8496, [25,945, [15,515, [30.70,
0.9295] 33,673] 20,923] 49.88]
0.941 22,885 28.10
13,312 [11,672,
S2 - FC1+FC2 XGBoost [0.9082, [20,202, ] [21.90,
15,812
0.9565] 26,420] 37.37]
0.9142 27,621 16,424 35.79
S2 - FC1+FC2 LightGBM [0.8629, [24,396, 14,352, [28.73,
0.9380] 32,049] 19,617] 46.61]
0.9392 23,251 13,462 27.49
S3 -
XGBoost [0.9100, [20,412, 11,889, [22.27,
FC1+FC2+FC3
0.9528] 26,584] 15,783] 35.07]
0.9492 11,929 23.37
S3 - 21,257 [18,316,
LightGBM [0.9191, [10,433, 1837,
FC1+FC2+FC3 25,1301
0.9642] 14,115] 30.60]
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RMSE [95% MAE [95% MAPE
Scenario Model R?[95% Cl]
cil cil [95% ClI]

0.9388 23,336 13,551 28.64

S4 - Full FC XGBoost [0.8994, (19,846, (11,596, [22.69,
0.9592] 27,730] 16,421] 37.57]

0.9240 25,997 15,432 32.80

S4 - Full FC LightGBM [0.8766, [22,760, 13,301, [26.10,
0.9470] 30,472] 18,555] 42.94]

Table 7 shows that S3-LightGBM retains the highest time-based point estimate and
Favorable error intervals, although overlapping intervals caution against interpreting

small numerical differences as universal superiority.

3.4. Statistical Comparisons

Model comparisons were based on paired country-level MAE. The difference was defined
as XGBoost MAE minus LightGBM MAE; positive values favor LightGBM and negative
values Favor XGBoost. Table 8 reports both significance and effect-size evidence for the

paired algorithm comparison within each cumulative scenario.

Table 8. XGBoost versus LightGBM under cumulative engineered-feature scenarios.

Lower Cohen Wilcoxon Rank-
Scenario Paired t-test
country MAE d_z P biserial r
t(78)=-4.919; p
S1 - Primitive XGBoost -0.553 <0.0001 -0.618
<0.0001
t(78)=-6.669; p
S2 - FC1+FC2 XGBoost -0.750 <0.0001 -0.814
<0.0001
S3 - t(78)=3.721; p
LightGBM 0.419 0.0002 0.487
FC1+FC2+FC3 0.0004
t(78)=-7.315; p
S4 - Full FC XGBoost -0.823 <0.0001 -0.828
<0.0001

XGBoost had lower country-level MAE under S1, S2, and S4, whereas LightGBM was
significantly better under S3 (d_z = 0.419, p = 0.0004). This result supports validation- and

configuration-specific model selection rather than a universal algorithm ranking. Table 8

5009 | A Modular Agroclimatic Feature Engineering Framework for Country-Level ..



Published By
Il > AsosiasiDoktor
i\; Sistem Informasi Indonesia

demonstrates a genuine reversal under S3: LightGBM is Favored only Ffor that
configuration, whereas XGBoost has lower country-level MAE in S1, S2, and S4. Table 9
extends the analysis from algorithm contrasts to within-model scenario changes, using

SO or S1 as the paired reference.

Table 9. Effect sizes for key cumulative scenario comparisons using country-level MAE

Mean MAE t-test Rank- Wilcoxon
Model Comparison d_z
difference P biserial r P
SO - Baseline » -
XGBoost -1,299 0.0103 -0.333 0.0102
S1 - Primitive 0.296
S1 - Primitive —»
XGBoost 3,165 0.880 <0.0001 0.813 <0.0001
S2 - FC1+FC2
S1 - Primitive —»
XGBoost S3 - 3,669 0.897 <0.0001 0.892 <0.0001
FC1+FC2+FC3
S1 - Primitive —»
XGBoost 2,893 0.977 <0.0001 0.871 <0.0001

S4 - Full FC

SO - Baseline —»
LightGBM 6,296 0.513 <0.0001 0.641 <0.0001
S1 - Primitive

S1 - Primitive —»
LightGBM 1274 0348 0.0028 0.460 0.0004
S2 - FC1+FC2

S1 - Primitive —»

LightGBM S3 - 7,968 1.060 <0.0001 0.941 <0.0001
FC1+FC2+FC3
S1 - Primitive —»
LightGBM 3,505 0.652 <0.0001 0.737 <0.0001
S4 - Full FC

Table 9 indicates that the largest scenario-level improvement is obtained for S1-S3 in
LightGBM (d_z = 1.060), while the negative SO—»S1 effect For XGBoost shows that adding
primitive variables does not automatically improve every learner. The Friedman test was
significant (x*> = 236.603, p = 1.96e-47, n = 79 countries). The Nemenyi procedure identified

17 significant pairs among 28 comparisons, with a critical difference of 1.181.

Ledyvia Audiz Coranov, Kusnawi | 5010



d’ W‘A/ 7[ _pul_;lished By
frahation Systems and Informatics ]2 2otiasiDolter

3.5. Model Interpretation, Redundancy, and Residual Diagnostics

Figure 5 compares the top-ten split-based feature-importance rankings for XGBoost and
LightGBM under the selected S3 representation. Figure 5 reveals different internal
emphases: XGBoost assigns substantial importance to country and crop indicators
together with engineered indices, whereas LightGBM places stronger weight on CO,,
pesticide use, temperature, rainfall, and temporal descriptors. Figures 6 and 7 use SHAP
summaries to examine both global importance and the direction and distribution of

Feature contributions for XGBoost and LightGBM, respectively.

Top 10 feature importance — XGBoost Top 10 feature importance — LightGBM
crop_Sweet_potatoes _ temp_mean _
country_United_kingdom | NN rainfall [
country_Australia _ Year _
country_Chile - crop_Wheat _
country_Canada - fc3_year_sin _
0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16 0 100 200 300 400 500
Importance Importance

Figure 5. Top-ten feature importance for XGBoost and LightGBM under S3

SHAP importance — XGBoost SHAP beeswarm — XGBoost
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I I i " Low
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Figure 6. SHAP summary For XGBoost under S3
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Crop identity dominates the SHAP rankings, particularly potatoes, cassava, soybeans,

wheat, sorghum, sweet potatoes, maize, and rice. CO, rainfall, pesticide use, the
cumulative past-pesticide feature, and year-related transforms also influence
predictions. These values explain the fitted models' behavior; they do not establish
agronomic causation. The prominence of crop and country indicators is consistent with
characteristic national and crop-specific yield distributions. Specifically, Figure 6 shows
a more concentrated XGBoost attribution pattern dominated by potatoes and cassava,
whereas Figure 7 displays a broader LightGBM allocation across crop identities and

primitive and temporal variables.

SHAP importance — LightGBM SHAP beeswarm — Lighﬁ(iig%M
crop_Potatoes _ crop_Potatoes ’ ——
crop_Cassava - crop_Cassava ‘— -

crop_Soybeans - crop_Soybeans - |
crop_Wheat - crop_Wheat —l
crop_Sorghum - crop_Sorghum -' °
crop_Sweet_potatoes - crop_Sweet_potatoes '—- §
crop_Maize . crop_Maize -' %
crop_Rice_paddy . crop_Rice_paddy O' &
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rainfall I rainfall +‘
fc2_pwi I fc2_pwi ’
fc2_pipu I fc2_pipu {
| i i i Low
0 20000 0 100000

Figure 7. SHAP summary for LightGBM under S3

Figure 8 evaluates multicollinearity among the continuous S3 predictors using VIF
calculated with an intercept. The corrected VIF analysis identified exact or near-exact
dependencies. Ombrothermic and Lang ratios, several rainfall summaries, and PET-related
transforms produced infinite or extremely large VIF values. Year and CO, also remained
highly collinear (VIF approximately 799 and 769) because CO, was mapped from year. Tree
models can still predict under such redundancy, but separate SHAP attributions for
correlated variables are not uniquely identifiable and should be interpreted jointly [24].
The extreme values in Figure 8 should therefore be read as structural redundancy

diagnostics, not as evidence that tree-based predictive accuracy is invalid. Table 10
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identifies representative S4 feature pairs whose absolute Pearson correlations approach

unity.

Highest VIF values among continuous predictors in S3

516

fcl_ombrothermic
fcl_pet
fcl_lang_rf
fcl_wbi

rainfall
fc3_rain_roll3
fc3_rain_lagl
fcl_wsr
fcl_aridity_dm
fc3_pest_lagl
fc3_pest_roll3

Year

4,5Q

4,5Q

4,5Q

10° 107 10° 10t 1013 101

Variance inflation factor (log scale)

3,599,627,370,496.0

3,599,627,370,496.0

3,599,627,370,496.0

Figure 8. Corrected VIF diagnostic For continuous S3 predictors, calculated with an

intercept

Table 10. Representative highly correlated feature pairs in the full S4 Feature set

Feature A Feature B IPearson r|

fc1_gdd Fc4_tgsl 1.0000
Fc3_rain_lagl fc3_rain_roll3 1.0000
fc1_ombrothermic Fc1_lang_rF 1.0000
Fc3_pest_lag1 Fc3_pest_roll3 0.9988
Fcl_wsr Fcd_cwpp 0.9974
Fcl_pet Fc4_tgsl 0.9972
fc1_gdd Fc1_pet 0.9972
Fc3_pest_lag2 Fc3_pest_roll3 0.997

Table 10 confirms that several modules reproduce nearly identical information through
rescaling, rolling summaries, or deterministic transformations; this redundancy provides
a concrete explanation for the non-additive behavior of S4. Table 11 localizes the largest
S3-LightGBM errors by country, year, and crop rather than relying only on aggregate

metrics.
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Table 11. Highest residual errors for the selected S3-LightGBM time-based model

Group type Group n MAE RMSE MAPE (%) Mean residual
Country Guyana 24 47110 76,905 57.41 12,991
Country Portugal 24 35173 51,957 40.06 25,236
Country Malaysia 16 33,593 43,635 32.56 10,849

Year 2013 1049 14,020 24,167 271 6,798
Year 2012 1049 12,727 23,605 23.96 3,488
Year 201 1049 1,474 20,063 21.85 3,639
Crop Cassava 328 24,625 31,794 2241 9,744
Crop Potatoes 636 22675 31672 14.57 9,314
Crop Sweet potatoes 412 21,377 36,638 19.70 10,610

Table 11 shows that high-error groups are concentrated rather than uniform: Guyana, the
Final test year, and high-yield root crops contribute disproportionately to the overall
error profile. Figure 9 provides complementary residual-versus-fitted, distributional, Q-

Q, and scale-location diagnostics for the same selected model.

Residual diagnostics — LightGBM, S3 - FC1+FC2+FC3
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200000
150000 4
100000 + 8
o e, o 3
. ~
% 50000 (2 . o
3 Y A L -~ (Y N
o AT 3 200N b YR L3
2 x R R TN ;
< 0-- i 3 9 3 2
A oA Z’.. .o
-50000
1
-100000 . I
—150000 0 ,,_-.I IIII-_-,__,
0 100000 200000 300000 400000 —150000 —100000 —50000 0 50000 100000 150000 200000
Fitted Residual
Residual Q-Q plot Scale-location
200000 °®
*
400
150000 P
100000
n 300
I =
=l ©
K 50000 5
o 2 Y
o = -
3 0 £ 20 W v N
5 7 Sy’ bt .
—~50000 ) 4
100 s y
—100000 [}
o
—150000 ° 0
-3 -2 -1 0 1 2 3 0 100000 200000 300000 400000
Theoretical quantiles Fitted

Figure 9. Residual diagnostics for S3-LightGBM on the time-based test set
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Errors were heterogeneous across countries, years, and crops. Guyana had the highest
country-level MAE (47,110 hg/ha), 2013 had the highest annual MAE (14,020 hg/ha), and
cassava had the highest crop-level MAE (24,625 hg/ha). Residual spread increased at
higher Ffitted values and the Q-Q plot showed heavy tails. Figure 9 confirms
heteroskedasticity and heavy-tailed errors, indicating that average accuracy does not
imply constant predictive reliability across the yield range. Table 12 examines whether

the relative-error metric changes systematically across observed-yield quartiles.

Table 12. MAPE sensitivity across yield quartiles For S3-LightGBM

Yield quartile n Yield range Mean yield MAE MAPE (%)
Q1 1067 998-25,401 14,208 5,533 50.59
Q2 1031 25,449-47194 33,329 5,463 16.20
Q3 1051 47,397-118,459 75,764 10,366 14.44
Q4 1047 118,660-468,991 226,614 26,383 11.67

MAPE reached 50.59% in the lowest-yield quartile but only 11.67% in the highest-yield
quartile. For the selected time-based model, WMAPE was 13.66% and sMAPE was 20.02%.
MAPE is therefore not used as the primary selection metric. Table 12 confirms that low
denominators, rather than large absolute errors alone, drive the elevated MAPE in Q1; this

justifies emphasizing R?>, RMSE, MAE, WMAPE, and sMAPE in model assessment.

3.6. Held-Out-Country Validation

The same 19 countries and 761 observations from 2010-2013 were used to compare S1
and S3 after all development-stage decisions were complete. All confidence intervals in
Table 13 are based on 2,000 country-cluster bootstrap resamples. Table 13 presents the
final, previously unseen-country comparison for S1 and S3 using identical held-
out observations.

Table 13. Direct S1 versus S3 held-out-country evaluation

RMSE [95% MAPE
Scenario Model R?[95% Cl] MAE [95% Cl]
cll (%)
0.6382 39,292
60,080
S1 - Primitive XGBoost [0.5494, [29,295, 80.59
[45,103, 70,517]
0.7362] 47,272]
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RMSE [95% MAPE
Scenario Model R?[95% Cl] MAE [95% Cl]
cil (%)
0.6694
57,431 [43,243, 37,153 [28,323,
S1 - Primitive  LightGBM [0.5793, 75.32
67,059] 44163]
0.7551]
0.6423 37,954
S3 - 59,743 [43,577,
XGBoost [0.5589, [27,664, 74.29
FC1+FC2+FC3 70,441]
0.7496] 45,890]
61,823 39,073
S3 - 0.6169 [0.5271,
LightGBM [44,086, [27,498, 79.51
FC1+FC2+FC3 0.7431]
72,540] 47701]

S1-LightGBM produced the highest aggregate held-out R? (0.6694), whereas S3-LightGBM,
despite being the temporal winner, declined to 0.6169. For XGBoost, S3 reduced country-
level MAE relative to S1(d_z = 0.629, paired t-test p = 0.0134; Wilcoxon p = 0.0008). For
LightGBM, S1 and S3 country-level MAE did not differ significantly (d_z = 0.053, p = 0.819).
The configuration fFavored by temporal validation is therefore not automatically the most
transferable to unseen countries. Table 13 demonstrates that temporal superiority does
not transfer automatically: S1-LightGBM leads in aggregate held-out R? while S3 yields a
statistically meaningful MAE reduction only For XGBoost. Figure 10 summarizes the
Nemenyi average ranks for the eight model-scenario combinations and displays the

critical-difference threshold.

Nemenyi average-rank comparison based on country-level MAE

® S3-LGB S4-LGB @
® S3-XGB S1-XGB @
® S4-XGB S2-LGB @
® S2-XGB S1-LGB @

T
Critical difference = 1.181

2 3 4 5 6 7
Average rank (lower is better)

Figure 10. Nemenyi critical-difference summary based on country-level MAE
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Figure 10 places S3-LightGBM at the best average rank and shows that only rank
separations exceeding 1181 are statistically distinguishable; the diagram therefore

complements, rather than replaces, the pairwise p-value matrix.

3.7. Discussion

The revised experiment no longer supports a simple conclusion that either primitive
variables or the full feature set are always preferable. S3-LightGBM achieved the
strongest temporal performance, while isolated modules affected the two algorithms
differently. FC-1 reduced both models; FC-3 improved both in isolation; FC-5 gave the
largest isolated gain for XGBoost; and FC-2 gave the largest isolated gain fFor LightGBM.
These results indicate that the value of an engineered module depends on the learner
and the variables already present. Recent systematic reviews similarly show that the
effectiveness of crop-vield predictors depends on the selected input variables, modeling

algorithm, evaluation metric, and spatial or temporal context [25], [26].

LightGBM's decline from S3 to S4 is consistent with the added redundancy in FC-4 and
FC-5. Several S4 variables are deterministic or near-deterministic transforms of earlier
Features, including fcl_gdd and fc4_tgsl, rainfall lag and rainfall rolling mean, and the
ombrothermic and Lang ratios. LightGBM's leaf-wise strategy can exploit many
alternative split candidates on the development data, but those partitions may not
transfer to later years. This is a diagnostic explanation rather than a formally isolated

causal mechanism.

Random partitioning was optimistic because repeated country-crop series appeared
across training and test subsets. Time-based validation removed future-year overlap
within development countries, whereas GroupKFold and held-out validation tested
geographic transfer. The resulting rankings differed: S3-LightGBM was best over future
years within observed countries, S4-LightGBM had the highest individual GroupKFold R?
and S1-LightGBM had the highest held-out-country R Accordingly, 'best model' is
meaningful only after the intended generalization target has been specified. Recent
regional and hybrid-modeling studies also demonstrate that model rankings and
predictive robustness can change with geographical coverage, data availability, and the

integration of process-based agricultural knowledge [27], [28] .
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The direct S1-S3 held-out comparison also qualifies the earlier inference from

GroupKFold. S3 improved XGBoost's country-level error but did not improve LightGBM's
held-out performance. Country-grouped cross-validation remains useful, but it cannot
guarantee the same ranking on a fixed unseen-country set. The all-zero country indicator
For held-out countries fFurther shows that heavy reliance on country one-hot features

can limit transfer beyond the development geography.

Crop and country indicators encode characteristic yield distributions and therefore
explain a substantial proportion of model behavior. Their importance should not be
interpreted as a causal agricultural mechanism. Similarly, CO, and Year are strongly
collinear trend proxies. SHAP values distribute attribution among correlated Features
according to the fitted model and background distribution; they do not identify
independent causal effects [23]. Year, CO,, and deterministic temporal transforms should
therefore be interpreted jointly. Similar explainable-Al applications in global crop analysis
use feature importance and SHAP to describe fitted-model behavior while cautioning

against treating predictive attribution as independent causal evidence [29].

All analyses use one country-level Kaggle dataset described as compiled from FAO and
World Bank sources. Shared reporting conventions, national aggregation, and uneven
monitoring capacity may influence both development and held-out observations. The 19
held-out countries were selected randomly rather than stratified, and the time-based
test covers only four years. The framework has not yet been validated on an independent
dataset or on held-out crop types. Future validation could incorporate transfer-learning
strategies and spatially explicit yield-potential products, which have recently been used
to improve crop-yield estimation across heterogeneous environments and geographical

scales [30], [31].

Annual rainfall and mean temperature cannot reproduce daily weather dynamics, soil
conditions, cultivar differences, irrigation, fertilizer, or management practices. The GDD,
PET, and composite variables are proxies derived from annual aggregates. MAPE is also
unstable at low yield levels. Consequently, the present results support methodological
benchmarking at country scale, not operational smart-agriculture or farm-level decision

support.
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4, CONCLUSION

This study evaluated a modular agroclimatic feature engineering framework for country-
level crop-yield prediction using 28,151 observations from 98 countries. A leakage-
controlled protocol reserved 19 countries before Ffeature-statistics Fitting, encoding,
tuning, scenario selection, and model fitting, and combined time-based, country-grouped,
and held-out-country evaluation. The best time-based result was achieved by S3-
LightGBM (R* = 0.9492; RMSE = 21,257 hg/ha), whereas the best held-out-country result
was achieved by the simpler S1-LightGBM configuration (R* = 0.6694; RMSE = 57,431 hg/ha).
Direct S1-S3 testing therefore confirmed that temporal and geographic generalization
can favor different feature configurations. Per-module ablation further showed that
Feature effects were model-dependent: FC-1 reduced both models, FC-3 improved both
in isolation, FC-5 was strongest for XGBoost, and FC-2 was strongest for LightGBM.
Country-cluster bootstrap intervals, country-level effect sizes, and Friedman-Nemenyi
analysis supported these configuration-specific differences. The framework is valuable
as a country-level benchmarking and diagnostic procedure, but its lower held-out-
country accuracy, dependence on one aggregated dataset, proxy agroclimatic variables,
correlated temporal features, and sensitivity of MAPE at low yields prevent claims of
operational readiness. Future research should use independent crop-yield datasets, daily
meteorological observations, soil and management variables, sub-national records,

stratified geographic holdouts, and held-out crop validation.
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