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Abstract

Accurate short-term forecasts of banana productivity can improve harvest scheduling,
packing-capacity allocation, and export logistics, yet commercial forecasts often deviate
substantially from realized yields. Objective: We evaluated whether tuned ensemble
machine learning could reduce that error for seven-week-ahead forecasting of weekly
productivity (boxes/Ha). Methods: Using weekly records from nine commercial farms in
northern Colombia (2007–2018), we benchmarked six tuned ensembles—Random Forest,
Extra Trees, Gradient Boosting, LightGBM, XGBoost, and CatBoost—against a company
forecast and three statistical baselines (Seasonal Naive, Historical Mean, and a per-farm
ARIMA). Hyperparameters were tuned by time-series cross-validation on 2007–2017, and
models assessed on a 2018 holdout (405 observations). Results: CatBoost obtained the
lowest errors (MAE = 3.95, R2 = 0.61), a 57.0% MAE and 81.2% MSE reduction versus the
company baseline (MAE = 9.18, R2 = −1.06). Bootstrap 95% CIs and the Diebold–Mariano
test showed CatBoost, XGBoost, LightGBM, Gradient Boosting, Random Forest, and the
Historical Mean to be statistically equivalent (CatBoost’s lead was not significant), all
outperforming the ARIMA (MAE = 5.64), Seasonal Naive (MAE = 7.31), and company
baselines; an ablation confirmed no data leakage. Conclusions: Tuned ensembles can
substantially improve short-term harvest planning in commercial banana production, with
model choice guided by operational and computational constraints.

Keywords: banana productivity forecasting; ensemble learning; CatBoost; XGBoost;
harvest planning; time-series prediction; precision agriculture; export agriculture

1. Introduction
Bananas (Musa spp.) are the most traded fresh fruit worldwide, and the sector con-

tinues to grow even as it faces weather variability, the spread of Fusarium Tropical Race 4
(TR4), and rising logistics costs that tighten quality tolerances and delivery windows [1–3].
Colombia is one of the leading exporters, with production concentrated in the Urabá and
Magdalena regions and oriented toward the North American and European markets [2].
In this context, the operational challenge is not only how much will be produced but also
when harvest-ready fruit will be available and how that timing aligns with packing capacity,
transport bookings, and destination ripening programs [4–6].
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For bananas, harvest timing is closely linked to fruit physiology and postharvest
behavior. A central operational concept is the fruit’s green life—the time span during which
bananas remain green and suitable for shipping before ripening is triggered—which is
affected by maturity at harvest, handling, and temperature management [4]. Postharvest
losses during transportation and marketing are estimated at 25–40% worldwide, and can
exceed 50% in certain rural markets, primarily due to physiological changes, flesh soften-
ing, and reduced resistance to microbial attack [7]. Because export programs depend on
predictable ripening outcomes at destination, cutting/harvest schedules act as an upstream
lever for managing green life, shelf-life, and rejection risk downstream [4,5]. Variability
in harvest timing can therefore propagate into logistical inefficiencies (idle capacity or
bottlenecks), inconsistent fruit condition, and avoidable losses, particularly when peaks or
disruptions coincide with limited cold-chain and transport capacity [1,4–6].

From a physiological standpoint, the seven-week forecast horizon adopted in this
study corresponds to a critical window in the banana production cycle. In commercial
Cavendish plantations under tropical conditions, fruit development from bunch emer-
gence to harvest spans approximately 11–13 weeks, during which dry matter accumu-
lates exponentially in the pulp [8]. Harvest timing is commonly determined using ther-
mal sums (accumulated degree-days since bunch emergence), with commercial matu-
rity reached at approximately 900 degree-days [9]. Importantly, the rate of fruit growth
is strongly modulated by environmental conditions: soil water deficit can reduce fruit
fresh-weight accumulation by up to 39%, and temperature governs the overall pace of
development [8]. A seven-week-ahead forecast therefore targets the window in which
the agronomic trajectory of the standing crop is largely determined by existing bunch-age
distributions—captured in the dataset by the Pct 8 through Pct 13 weeks variables—yet still
provides sufficient lead time for operational adjustments to packing, labor, and logistics
scheduling. This physiological grounding complements the logistical rationale and explains
why bunch-age features carry meaningful predictive information for harvest volume.

These decisions sit within a broader planning context where agrifood supply chains
must coordinate biological production processes with industrial constraints—labor, pack-
ing lines, storage, trucking, and shipping slots—under uncertainty. Planning research
consistently shows that perishable systems benefit from integrating forecasts with schedul-
ing rules because errors in timing, not only volume, can degrade quality and increase
cost [6]. In the banana case, a short-term forecast that anticipates fluctuations in cutting
dynamics can help align labor and maintenance plans, allocate packing capacity, and sched-
ule shipments to match target arrival conditions. The growing adoption of data-driven
decision tools in the banana sector [1,3] underscores the industry’s appetite for quantitative
forecasting methods that go beyond traditional expert judgment.

From a modeling perspective, time-series forecasting provides a pragmatic route
for supporting these decisions when historical operational records exist and explanatory
drivers are incomplete or difficult to measure consistently. Classical approaches such as
ARIMA remain widely used and interpretable baselines because they are transparent,
data-efficient, and often competitive at short horizons when autocorrelation structures
are stable [10,11]. At the same time, methodological work has shown that performance
gains can be overstated when evaluation protocols allow data leakage or do not reflect how
forecasts are generated under rolling, real-time use; therefore, careful temporal validation
is essential in operational settings [12]. A related concern is comparability: model families
should be benchmarked against appropriate baselines and evaluated under consistent
protocols, ideally with formal tests of predictive accuracy differences such as the Diebold–
Mariano test [13]. Evidence from the M3 and M4 forecasting competitions has shown
that, on monthly time series, traditional statistical methods (Theta, ARIMA, exponential
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smoothing combinations) often outperform more complex machine learning approaches,
and that computational cost does not necessarily translate into improved accuracy [14–16].

Nonetheless, over the past decade, ensemble machine learning methods have emerged
as the dominant approach for structured, tabular prediction tasks where cross-sectional
features are abundant. Random Forests, introduced by Breiman [17], reduce variance
by averaging decorrelated decision trees. Gradient boosting methods sequentially cor-
rect residual errors, with several high-performance implementations now available: XG-
Boost [18] introduced regularized boosting with column subsampling; LightGBM [19]
improved training efficiency through histogram-based learning and leaf-wise tree growth;
and CatBoost [20] natively handles categorical features through ordered target statistics and
oblivious decision trees. A recent study comparing these three gradient boosting algorithms
for crop yield prediction found that all three outperformed other machine learning methods,
with CatBoost achieving the highest accuracy in some contexts [21]. More recent evidence
reinforces this pattern: Ennaji et al. [22] reported XGBoost as the most accurate among eight
algorithms for maize-hybrid yield prediction. These methods have consistently dominated
benchmarks on structured data, although their advantage over statistical baselines depends
on the availability of informative cross-sectional features [14–16].

In agriculture, machine learning has been increasingly applied to crop yield prediction
and decision-support tasks [23,24]. A systematic review by van Klompenburg et al. [25]
identified artificial neural networks as the most commonly used algorithm family, with tem-
perature, rainfall, and soil type as the most frequent input features; tree-based ensem-
bles were also well represented but not the majority. More recent comprehensive re-
views confirm the growing adoption of gradient boosting methods for yield forecasting,
though they emphasize that reported gains depend strongly on data quality, competitive
baselines, and validation designs that respect temporal structure [26–28]. Beyond single-
model comparisons, recent work has explored ensemble combination strategies for yield
prediction—for example, inverse-RMSE-weighted hybrids that adaptively blend base learn-
ers [29]—reflecting sustained interest in ensemble learning for agricultural monitoring.
A persistent limitation is the lack of robust temporal validation: Srivastava et al. [30] found
that convolutional neural networks, deep neural networks, and XGBoost all performed well
when evaluated with spatial cross-validation on winter wheat in Germany, but performance
degraded substantially when tested on temporally independent years, highlighting the risk
of overstating generalization. This finding underscores the importance of strict temporal
holdout designs like the one adopted in the present study.

Despite extensive work on banana postharvest behavior and green-life management [4,5,7],
and a growing body of forecasting research in other crops [25–27,30], studies specifically
targeting banana yield or cutting-time forecasting with machine learning remain scarce.
Patrick et al. [31] used SARIMAX, state-space, and LSTM models to forecast banana crop
yield in Tanzania under climate change scenarios, employing a weighted-average ensemble
of these methods. Yánez-Cajo et al. [32] applied Random Forest with UAV imagery and
spectral indices for banana yield prediction in Ecuador. Ndayambaje and Ngango [33] com-
pared Random Forest, SVR, and linear regression for banana yield prediction in Rwanda
using meteorological and agricultural data, and Zhou et al. [34] estimated banana-orchard
yield from RGB–depth imagery using a DeepSORT-based bunch-counting pipeline. How-
ever, none of these studies benchmarked the full suite of modern gradient boosting methods
(XGBoost, LightGBM, CatBoost) against each other and against an operational company
baseline under a strict temporal validation protocol. Furthermore, no prior study has
applied formal statistical comparison tests—such as the Diebold–Mariano test [13]—to
determine whether observed differences between competing models are statistically signifi-
cant or merely artifacts of a single test set.
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This study addresses these gaps by modeling banana productivity seven weeks ahead
using historical records from nine commercial farms in northern Colombia (2007–2017).
We evaluate two families of tree-based ensemble methods—bagging (Random Forest,
Extra Trees) and boosting (Gradient Boosting, LightGBM, XGBoost, CatBoost)—against the
company’s existing forecast baseline under a consistent temporal validation protocol using
the 2018 holdout period. The choice of tree-based ensembles is motivated by the nature
of the available data: the feature set comprises 15 production-related numerical variables
and a categorical farm identifier, a regime in which gradient boosting methods have shown
strong empirical performance [18–21] and where the limited sample size (∼614 observations
per farm) makes deep learning approaches less suitable [27]. Hyperparameters are tuned
through time-series cross-validation with GridSearchCV, and accuracy is assessed using
six complementary forecast-error measures. To strengthen inferential rigor, we report
bootstrap 95% confidence intervals for all metrics and apply the Diebold–Mariano test to
formally compare predictive accuracy between models [13]. The analysis also includes
per-farm evaluation to reveal heterogeneity in model performance across production units,
and feature importance analysis to identify the variables most relevant for forecast accuracy.
The contribution of this work is methodological and applied rather than algorithmic: to our
knowledge it is the first benchmark of the full modern gradient-boosting suite for banana
yield under a strict temporal hold-out with formal Diebold–Mariano testing and bootstrap
intervals; it quantifies the cross-farm heterogeneity that aggregate results conceal; and it
translates forecast error into concrete export-logistics decisions, linking model accuracy
to operational value. In addition to the company forecast, we benchmark the ensembles
against three statistical baselines—a Seasonal Naive forecast, a Historical Mean, and a
per-farm ARIMA model—so that the contribution of the machine learning methods can
be assessed relative to both naive and classical time-series references. We acknowledge
that the present study does not include neural network architectures (e.g., LSTM, CNN)
or exponential-smoothing variants as additional comparators; the integration of such
approaches, as well as the incorporation of external climatic and agronomic variables, is
discussed as future work in Section 5.

2. Materials and Methods
2.1. Data Source, Processing, and Software

The data used for the computational experiments correspond to banana production
between 2007 and 2018 from nine banana farms located in the northern zone of Colombia.
The farms are situated in the banana-producing belt of the Magdalena department, on the
Caribbean lowlands between the Sierra Nevada de Santa Marta and the Ciénaga Grande,
an area characterized by a warm tropical climate and export-oriented Cavendish production
(Figure 1). The data were provided under a strict confidentiality agreement and are available
upon request to the authors; to preserve confidentiality, individual farm locations are not
disclosed and only the study region is shown. To support reproducibility, a desensitized
representative sample of these records is provided as Supplementary Materials (Dataset S1).

Forecasts were made seven weeks before the harvest date. This decision was driven
by several factors that present significant challenges in the banana supply chain, including
the perishable nature of the fruit, technical conservation requirements, transportation and
packing conditions, and the long distance of travel from farms to ports. The target variable
was constructed by shifting the observed productivity per hectare (Prod_real_Ha) seven
weeks forward within each farm using a grouped shift operation, ensuring no data leakage
across farm boundaries. The company’s forecast was similarly shifted to serve as the
baseline comparator. The predictor variables contained no missing values over the study
period, so no imputation was necessary. The only rows discarded were the last seven
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weeks of each farm, for which the seven-week-ahead target is undefined. After that step,
the dataset was split into a training period (years 2007–2017, 5166 observations) and a
validation period (year 2018, 405 observations across the nine farms). Table 1 describes
the variables available in the dataset, and Table 2 presents the derived variables used in
the modeling process. All data processing, model training, and evaluation were carried
out in Python (Python Software Foundation, Wilmington, DE, USA) using the pandas,
scikit-learn, XGBoost, LightGBM, CatBoost, statsmodels, and pmdarima libraries.
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Figure 1. Study area. (a) Location of the Magdalena department within Colombia (the red star marks
the studied banana-production zone and the blue rectangle delimits the area enlarged in panel (b));
(b) banana production zone in the Caribbean lowlands of Magdalena (shaded), with reference cities.
Exact farm locations are withheld under a confidentiality agreement.

At the time a seven-week-ahead forecast is operationally needed, the current week’s
actual production per hectare (Prod_real_Ha) is already known, as it reflects harvest
counts completed and recorded during that week. This variable is therefore a legitimate
contemporaneous feature, not a future-looking variable. To verify this, we conducted an
ablation study removing Prod_real_Ha from the feature set; the resulting XGBoost MAE
changed by less than 0.01 boxes/Ha (from 4.030 to 4.025, a difference of −0.005), confirming
that the model did not depend on that variable for predictive accuracy.

Python 3 was used for all computational experiments. The code made use of pandas
for data manipulation, numpy for numerical computations, scikit-learn for preprocess-
ing (StandardScaler), cross-validation (TimeSeriesSplit, GridSearchCV), and performance
metrics, plus lightgbm, xgboost, and catboost for their respective gradient boosting
implementations. All code and results are available upon request.

Table 1. Description of original variables in the dataset.

Variable Description Unit

Farm Farm identifier (1–9) Categorical
Week Calendar week number Integer
Hectares Productive area Ha
Actual Packing Boxes packed in the current week Boxes
Pct 8–13 weeks Percentage of bunches aged 8–13 weeks %
Company Forecast Company’s internal yield forecast Boxes/Ha
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Table 1. Cont.

Variable Description Unit

Pct Short Percentage of short-grade fruit %
Pct Premium Percentage of premium-grade fruit %
Boxes Short Volume of short-grade boxes Boxes
Boxes Premium Volume of premium-grade boxes Boxes
Prod_real_Ha Actual production per hectare Boxes/Ha

Table 2. Derived variables used in the modeling process.

Variable Description

Target (yt+7) Prod_real_Ha shifted 7 weeks forward within each farm
Baseline forecast Company forecast shifted 7 weeks forward within each farm

2.2. Forecasting Models

Six ensemble machine learning models were trained and evaluated against the com-
pany’s existing forecast baseline. All models used the same set of 15 numerical fea-
tures plus a farm identifier: Week, Hectares, Actual Packing, six bunch-age percentages
(Pct 8 through Pct 13 weeks), Company Forecast, Short Percentage, Premium Percentage,
Short Boxes, Premium Boxes, and Actual Production per Hectare. Numerical features were
standardized using a StandardScaler fit on the training set and applied to both training and
validation sets.

The models evaluated were: (1) Random Forest Regressor, an ensemble of decorrelated
decision trees that averages predictions to reduce variance [17]; (2) Extra Trees Regressor,
which uses random split thresholds for additional diversity; (3) Gradient Boosting Regres-
sor, which sequentially builds shallow trees that correct residual errors [35]; (4) LightGBM,
an efficient gradient boosting framework using histogram-based learning and leaf-wise tree
growth [19]; (5) XGBoost, a regularized gradient boosting method with column subsam-
pling [18]; and (6) CatBoost, which natively handles categorical features through ordered
target statistics and uses oblivious decision trees [20].

Three additional statistical baselines were included for comparison: (1) a Seasonal
Naive forecast, which repeats the production observed at the same farm 52 weeks earlier
(yt−52); (2) a Historical Mean forecast, computed as the average target value for each farm-
week combination across the training period (2007–2017); and (3) a per-farm ARIMA model.
For each farm, a non-seasonal ARIMA order was selected automatically by minimizing
the AIC over the pre-2018 series (auto_arima, maximum order 5) [11]. Forecasts were then
generated under a genuine seven-week-ahead, rolling-origin scheme: at each 2018 origin
the model was refit on all observations available up to that week (including already-realized
2018 weeks), and the seventh-step-ahead forecast was taken as the prediction. This ensured
that ARIMA addressed exactly the same forecasting task as the ensemble models. These
baselines provided reference points between the company forecast and the tuned machine
learning models, allowing a more nuanced assessment of where the ensemble methods’
predictive gains originated.

2.3. Hyperparameter Tuning

Hyperparameters for each model were tuned using GridSearchCV with a 3-fold Time-
SeriesSplit to respect chronological ordering. The scoring criterion was the negative mean
absolute error. All models, including CatBoost, used RMSE as the training loss function to
ensure a consistent optimization objective across methods. Table 3 presents the hyperparam-
eter grids explored for each model, and Table 4 reports the best hyperparameters selected
via cross-validation along with the corresponding CV MAE. For CatBoost, the learning
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rate was fixed at 0.03, a value adopted from the library’s documentation and preliminary
runs, while tree depth and the number of iterations were tuned. The search budget was
deliberately concentrated on depth and iterations, which most directly govern model ca-
pacity, keeping the number of CatBoost configurations comparable in computational cost
to the grids of the other models. Depth and iterations were therefore prioritized over an
additional sweep of the learning rate.

Table 3. Hyperparameter grids explored for each model.

Model Hyperparameter Grid

Random Forest
n_estimators: {100, 200}
max_depth: {10, 20, None}
max_features: {sqrt, log2, None}

Extra Trees
n_estimators: {100, 200}
max_depth: {10, 20, None}
max_features: {sqrt, log2, None}

Gradient Boosting
n_estimators: {100, 200}
max_depth: {3, 5}
learning_rate: {0.05, 0.1, 0.2}

LightGBM
n_estimators: {100, 200}
max_depth: {5, 10}
learning_rate: {0.05, 0.1, 0.2}

XGBoost
n_estimators: {100, 200}
max_depth: {3, 4}
learning_rate: {0.05, 0.1, 0.2}

CatBoost
iterations: {300, 500}
depth: {4, 6}
learning_rate: {0.03}

Table 4. Best hyperparameters selected via time-series cross-validation and corresponding CV MAE.

Model Best Hyperparameters CV MAE

Random Forest max_depth=20, max_features=sqrt,
n_estimators=200 6.66

Extra Trees max_depth=None, max_features=sqrt,
n_estimators=200 6.87

Gradient Boosting learning_rate=0.1, max_depth=3,
n_estimators=100 6.52

LightGBM learning_rate=0.05, max_depth=10,
n_estimators=200 6.73

XGBoost learning_rate=0.05, max_depth=4,
n_estimators=200 6.54

CatBoost iterations=500, depth=6, learning_rate=0.03 6.48

2.4. Performance Measures

To assess predictive capability, we selected complementary metrics evaluating dis-
tinct aspects of forecast accuracy. The Explained Variance Score (EVS) and Coefficient of
Determination (R2) quantify the proportion of variability captured by the models [11,35].
Mean absolute error (MAE) and root-mean-square error (RMSE) evaluate error magnitude:
MAE provides an intuitive measure of the average error in boxes per hectare, while RMSE
penalizes larger deviations more severely [11]. Mean squared logarithmic error (MSLE)
assesses relative errors across farms with varying production scales, ensuring evaluation is
not biased towards farms with higher yields.
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3. Results
The main results are presented in Table 5. The company baseline exhibited the worst

performance across all metrics (MAE = 9.18, RMSE = 11.62, R2 = −1.06), with negative
R2 and EVS values indicating predictions worse than simply using the mean of the ob-
served values. The Seasonal Naive baseline also showed poor performance (MAE = 7.31,
R2 = −0.32). The per-farm ARIMA baseline improved on both (MAE = 5.64, R2 = 0.22) but
remained well above the Historical Mean and all ensemble models; its 95% bootstrap CI for
MAE ([5.21, 6.07]) lies entirely above that of every ensemble (whose upper CI bounds reach
at most 4.79, for Extra Trees), indicating a statistically meaningful gap without the need
for a formal pairwise test. All six tuned ensemble models substantially outperformed the
company baseline, the Seasonal Naive forecast, and the ARIMA baseline.

Table 5. Performance metrics for the forecasting models on the 2018 external validation set
(405 observations). Best values in bold.

Model MAE RMSE MSE R2 EVS MSLE

Company Baseline 9.18 11.62 135.06 −1.06 −1.05 0.05
Seasonal Naive 7.31 9.32 86.83 −0.32 −0.32 0.03
ARIMA (per farm) 5.64 7.15 51.18 0.22 0.27 0.02
Historical Mean 4.28 5.35 28.58 0.56 0.66 0.01

Random Forest 4.27 5.37 28.84 0.56 0.58 0.01
Extra Trees 4.43 5.67 32.12 0.51 0.53 0.01
Gradient Boosting 4.12 5.17 26.75 0.59 0.63 0.01
LightGBM 4.03 5.09 25.89 0.61 0.62 0.01
XGBoost 4.03 5.07 25.71 0.61 0.64 0.01
CatBoost 3.95 5.04 25.39 0.61 0.65 0.01

MAE: mean absolute error; RMSE: root-mean-square error; MSE: mean squared error; R2: coefficient of determina-
tion; EVS: explained variance score; MSLE: mean squared logarithmic error. Units: MAE and RMSE in boxes/Ha;
MSE in (boxes/Ha)2; R2, EVS, and MSLE are dimensionless. Best model: CatBoost (lowest MAE).

CatBoost achieved the lowest errors (MAE = 3.95, RMSE = 5.04, R2 = 0.61, EVS = 0.65,
MSLE = 0.01), followed closely by XGBoost (MAE = 4.03, R2 = 0.61) and LightGBM
(MAE = 4.03, R2 = 0.61); as the statistical tests below show, these differences among
the leading models are not significant. All ensemble models reduced the MAE by more
than 51% compared to the company baseline, with CatBoost achieving a 57.0% reduction.
The MSE reductions were similarly pronounced: CatBoost reduced MSE by 81.2% (from
135.06 to 25.39), confirming that the ensemble models not only produced smaller average
errors but also substantially reduced large forecast deviations that are particularly costly
for logistics planning. The Seasonal Naive baseline (MAE = 7.31) performed substantially
worse than all ML models, while the Historical Mean baseline (MAE = 4.28) was competi-
tive with the simpler ensemble methods, underscoring the importance of benchmarking
against appropriate statistical references.

To assess statistical robustness, we computed 95% bootstrap confidence intervals (CIs)
based on B = 10,000 resamples for all metrics (Table 6; Figure 2) and applied the Diebold–
Mariano (DM) test [13] using squared-error loss differentials to formally compare each
model’s predictive accuracy against XGBoost as the reference model (Table 7).

The bootstrap confidence intervals (Table 6) confirm that the performance differences
between the ensemble models and the company baseline are substantial and not attributable
to sampling variability. The DM test results (Table 7) show that XGBoost is statistically
significantly better than the company baseline (DM = −5.73, p < 0.0001), the Seasonal
Naive forecast (DM = −4.90, p < 0.0001), and Extra Trees (DM = −2.77, p = 0.006) but not
statistically distinguishable from CatBoost (DM = 0.45, p = 0.652), LightGBM (p = 0.906),
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Gradient Boosting (p = 0.272), Random Forest (p = 0.053), or the Historical Mean baseline
(p = 0.229) at the 5% significance level. This result is consistent with the overlapping
bootstrap CIs between CatBoost (MAE: [3.65, 4.26]) and XGBoost (MAE: [3.74, 4.34]),
suggesting these models offer statistically equivalent predictive performance.
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Figure 2. Model performance with 95% bootstrap CIs (error bars) for the 2018 validation set based on
B = 10,000 resamples. Panel (a) shows MAE and panel (b) shows R2.

Table 6. Performance metrics with 95% bootstrap-based CI with B = 10,000 resamples.

Model MAE [95% CI] RMSE [95% CI] R2 [95% CI]

Company Baseline 9.18 [8.49, 9.88] 11.62 [10.74, 12.53] −1.06 [−1.44, −0.75]
Seasonal Naive 7.31 [6.76, 7.90] 9.32 [8.64, 10.01] −0.32 [−0.59, −0.11]
ARIMA (per farm) 5.64 [5.21, 6.07] 7.15 [6.67, 7.62] 0.22 [0.11, 0.31]
Historical Mean 4.28 [3.97, 4.59] 5.35 [4.99, 5.72] 0.56 [0.49, 0.62]
Random Forest 4.27 [3.95, 4.59] 5.37 [5.01, 5.73] 0.56 [0.50, 0.61]
Extra Trees 4.43 [4.09, 4.79] 5.67 [5.27, 6.08] 0.51 [0.45, 0.56]
Gradient Boosting 4.12 [3.82, 4.43] 5.17 [4.81, 5.55] 0.59 [0.53, 0.64]
LightGBM 4.03 [3.73, 4.34] 5.09 [4.72, 5.47] 0.61 [0.54, 0.66]
XGBoost 4.03 [3.74, 4.34] 5.07 [4.70, 5.47] 0.61 [0.55, 0.66]
CatBoost 3.95 [3.65, 4.26] 5.04 [4.66, 5.43] 0.61 [0.55, 0.66]

Table 7. Diebold–Mariano (DM) test for equal predictive accuracy (reference model: XGBoost, h = 7).

Model DM Statistic p-Value Significance

Company Baseline −5.73 <0.0001 Yes ***
Seasonal Naive −4.90 <0.0001 Yes ***
Historical Mean −1.20 0.229 No
Random Forest −1.93 0.053 No
Extra Trees −2.77 0.006 Yes **
Gradient Boosting −1.10 0.272 No
LightGBM −0.12 0.906 No
CatBoost 0.45 0.652 No

Negative DM statistic indicates XGBoost has smaller squared-error loss differentials. p-values are reported to
three decimal places because rounding to two would obscure their proximity to the 0.05 threshold (e.g., Random
Forest, p = 0.053). *** p < 0.001, ** p < 0.01.

Among the gradient boosting variants, CatBoost achieved the lowest MAE on the ex-
ternal test set (3.95), closely followed by XGBoost (4.03) and LightGBM (4.03), though none
of the pairwise differences were statistically significant. CatBoost also achieved the best
cross-validation MAE during training (6.48; Table 4), suggesting consistent generaliza-
tion from training to test. Notably, even the Historical Mean baseline—a simple average
of historical farm-week production—was not statistically distinguishable from XGBoost
(p = 0.229), highlighting that much of the predictive signal in this dataset arises from stable
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farm-level and seasonal patterns. The implications of this equivalence between a classical
statistical baseline and the tuned ensembles are examined in Section 4.

To verify that the inclusion of contemporaneous production (Prod_real_Ha) did not
introduce data leakage, we conducted an ablation study in which that feature was removed
from the XGBoost model. The resulting MAE changed from 4.030 to 4.025 (a difference of
−0.005 boxes/Ha), confirming that the model did not rely on that variable for its predictive
accuracy and that no information from the forecast horizon leaked into the training features.

Table 8 presents the per-farm performance of XGBoost compared to the company
baseline, revealing substantial heterogeneity across farms. The per-farm R2 values for all
models are visualized in Figure 3. Since CatBoost and XGBoost are statistically equivalent
(DM = 0.45, p = 0.652), XGBoost is used here as a representative of the best-performing
model group.

Farm 1 Farm 2 Farm 3 Farm 4 Farm 5 Farm 6 Farm 7 Farm 8 Farm 9

Baseline

SeasonalNaive

HistMean

RandomForest

ExtraTrees

GradientBoosting

LightGBM

XGBoost

CatBoost

-0.29 -3.31 -3.55 -2.45 -2.12 -1.84 -3.05 -1.51 -3.30

-0.31 -1.24 -0.37 -1.05 -2.35 -1.21 -2.03 -3.62 -0.58

-0.02 0.17 0.27 0.67 -0.85 0.30 0.43 0.16 0.41

-0.11 -0.17 0.45 0.46 -0.64 0.73 0.25 0.17 0.42

-0.04 -0.20 0.24 0.36 -0.75 0.63 0.25 -0.03 0.44

-0.24 0.29 0.30 0.59 -0.65 0.55 0.47 0.29 0.57

-0.22 -0.11 0.54 0.63 -0.62 0.59 0.38 0.29 0.61

-0.21 0.24 0.43 0.58 -0.60 0.63 0.38 0.29 0.61

-0.05 0.27 0.36 0.57 -0.59 0.67 0.41 0.25 0.60
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Figure 3. R2 score heatmap by farm and model on the 2018 validation period. Darker green shading
indicates higher explained variance.

Table 8. Performance metrics of the XGBoost and Company Baseline models, by farm, for the 2018
validation set.

Farm
XGBoost Company Baseline

MAE RMSE R2 MAE RMSE R2

1 4.91 6.15 −0.22 4.62 6.34 −0.29
2 3.39 4.50 0.25 9.09 10.75 −3.31
3 4.87 5.57 0.43 12.62 15.80 −3.55
4 4.85 5.82 0.58 13.52 16.64 −2.46
5 5.63 6.62 −0.60 7.78 9.25 −2.12
6 3.05 3.66 0.63 8.32 10.10 −1.84
7 3.35 4.35 0.38 9.43 11.12 −3.05
8 3.04 4.26 0.29 6.49 8.05 −1.51
9 3.18 3.76 0.61 10.74 12.54 −3.30

MAE and RMSE are expressed in boxes/Ha; R2 is dimensionless.

XGBoost reduced the MAE in eight of the nine farms (all except Farm 1). The observed
and predicted weekly series by farm are shown in Figure 4, and the per-farm MAE with
95% bootstrap CIs in Figure 5. The most dramatic improvements occurred in farms with
high baseline errors: Farm 3 (MAE reduced from 12.62 to 4.87, a 61.4% improvement),
Farm 4 (MAE from 13.52 to 4.85, 64.1%), and Farm 9 (MAE from 10.74 to 3.18, 70.4%).
Farm 5 was the most challenging for all models, with XGBoost achieving a negative R2
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(−0.60), indicating that high production variability exceeded the model’s capacity with
available features. Farm 1 was the only case where XGBoost showed a higher MAE than
the baseline (4.91 vs. 4.62), although both models produced negative R2 values, suggesting
that production variability in that farm was difficult to capture with the current feature set.

The observed heterogeneity in model performance across the nine farms suggests
that local environmental factors and management practices significantly influence the
predictability of banana yields. The negative R2 values in Farms 1 and 5 indicate that the
current feature set—primarily based on bunch-age distributions and historical production
volumes—is insufficient to capture the high variance in these specific production units.
Research on global banana yields has shown that the climate–productivity relationship
varies substantially across regions, and that relying on a single model without account-
ing for local conditions can generate considerable prediction error [36]. In the northern
Colombian banana zone, Black Sigatoka (Mycosphaerella fijiensis) is the principal phytosan-
itary constraint, and its severity has been documented to vary across farms within the
Magdalena region depending on local soil and climatic conditions [37]. These unobserved
sources of variability—microclimate, disease pressure, and soil heterogeneity—are not
captured in the current feature set, which may explain the poor model performance in
specific farms. Incorporating farm-level climatic records and disease-incidence indicators
could improve forecast accuracy in these challenging production units, as demonstrated
by recent studies showing that meteorological variables substantially enhance banana
yield prediction [33]. A further, emerging phytosanitary threat is Fusarium oxysporum f. sp.
cubense Tropical Race 4 (TR4), detected in Colombia’s La Guajira region in 2019, after our
dataset ends. Any operational deployment of these models would therefore need to account
for potential TR4-driven yield disruptions; adaptive models able to detect disease-related
structural breaks in production patterns, possibly coupled with disruption-aware logistics
simulation [38], are a promising direction for handling such events.
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Figure 4. Yield predictions by farm (boxes/Ha) on the 2018 validation period. Solid lines show
observed values; dashed lines show XGBoost predictions.
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Feature importance analysis, shown in Figure 6, revealed that the farm identifier
was the most influential variable (17.6% gain importance in XGBoost), reflecting substan-
tial between-farm heterogeneity in production levels that the model leverages through
farm-specific learned patterns. The importance of Week (11.4%) reflects the well-known
seasonality in banana production cycles. Among the production-related features, Boxes
Premium (8.5%), Prod_real_Ha (8.3%), and Actual Packing (8.3%) ranked third through
fifth. It is important to note that features such as Company Forecast and Prod_real_Ha
correspond to values observed at the time the forecast is issued (i.e., the current week), not
at the forecast horizon. The Company Forecast reflects the company’s own internal pro-
jection available at that point, and Prod_real_Ha represents the actual production already
recorded during the current week. These are therefore legitimate contemporaneous inputs,
not future-looking variables. As confirmed by the ablation study, removing Prod_real_Ha
changes the XGBoost MAE by only −0.005 boxes/Ha, indicating that the model does not
depend on this variable. These importance values should be interpreted with caution: they
reflect the variables that are most useful for prediction within this particular dataset and
seven-week horizon and may not generalize to other contexts or time scales.

Farm 1 Farm 2 Farm 3 Farm 4 Farm 5 Farm 6 Farm 7 Farm 8 Farm 9
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Figure 5. MAE for the XGBoost and Company Baseline by farm. Vertical segments correspond to
95% bootstrap-based CIs.
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Figure 6. XGBoost feature gain-based importance ranking.
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4. Discussion
The performance evaluation of six tuned ensemble machine learning models for

banana productivity forecasting in Colombia’s northern Caribbean region demonstrates that
data-driven methods can substantially improve upon traditional expert-based forecasts. All
ensemble models outperformed the company’s existing forecast, with CatBoost achieving
the best overall performance (MAE = 3.95, R2 = 0.61), though statistically equivalent to
XGBoost, LightGBM, Gradient Boosting, Random Forest, and the Historical Mean baseline.

The company baseline’s negative R2 and EVS values (−1.06 and −1.05, respectively)
indicate that the current forecasting approach introduces more error than a simple mean
prediction would. We did not have access to the exact methodology used by the company.
Still, the magnitude of the errors, together with the systematic pattern of overestimation on
some farms and underestimation on others, suggests that the current approach relies on
expert judgment or simple heuristics that miss the temporal patterns in productivity data.
The ensemble models, by contrast, achieved positive R2 values ranging from 0.51 (Extra
Trees) to 0.61 (CatBoost), demonstrating meaningful predictive power. The bootstrap confi-
dence intervals (Table 6) confirm that these improvements are robust and not attributable
to sampling variability in the test set.

Among the models evaluated, the gradient boosting family (CatBoost, XGBoost, Light-
GBM) generally outperformed the bagging-based methods (Random Forest, Extra Trees),
although the Diebold–Mariano test showed that the difference between XGBoost and Ran-
dom Forest was not statistically significant (p = 0.053). This nuanced finding contrasts
with the common assumption that boosting always dominates bagging on structured data
and suggests that for this particular dataset with moderate sample size and limited feature
complexity, the simpler Random Forest model can achieve competitive results. The DM test
confirmed that CatBoost and XGBoost were statistically equivalent (DM = 0.45, p = 0.652)
and that LightGBM was also indistinguishable from XGBoost (p = 0.906), meaning all
three gradient boosting frameworks are viable choices for operational deployment. This
finding is practically important because LightGBM offers advantages in training speed for
larger datasets, and CatBoost provides native categorical feature handling.

The statistical equivalence between the Historical Mean and the tuned ensemble mod-
els (p = 0.229) warrants careful interpretation. This result reveals that banana productivity
in the studied region follows a strong seasonal baseline, a finding that is agronomically
expected, given that fruit development in Cavendish plantations is governed by temperature-
driven phenological cycles that repeat with relative regularity across years [8,9]. However,
the operational superiority of machine learning lies in its responsiveness to non-linear
disruptions. Unlike a static historical average, gradient boosting models can dynamically
adjust to shifts in bunch-age distributions (Pct 8–13 weeks) caused by localized weather
events or management changes. While a historical mean assumes that production will
follow its typical farm-week pattern, ensemble models integrate dynamic features—such
as the current distribution of bunch ages and real-time packing volumes—to adjust fore-
casts when physiological development or operational conditions deviate from the norm.
For agricultural exporters, the ability to anticipate a deviation from the historical norm is
often more valuable than achieving a low average error, as these deviations are what trigger
logistical bottlenecks and green-life expiration risks at the port [4,5]. During anomalous
weeks (e.g., weather-driven production peaks or drops), a static historical average cannot
adapt, whereas a tuned ensemble model can leverage contemporaneous signals to produce
more accurate forecasts precisely when accuracy matters most for logistics planning. Fu-
ture work incorporating real-time climatic variables, such as cumulative precipitation and
temperature anomalies, could further enhance the ensemble models’ ability to outperform
historical baselines during extreme events [36].
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The feature importance analysis (Figure 6) further reinforces the agronomic inter-
pretability of the ensemble models. The prominence of the farm identifier (17.6%) captures
between-farm heterogeneity in soil fertility, microclimate, and management practices that
jointly determine baseline productivity levels. The importance of Week (11.4%) reflects
the well-documented seasonality of Cavendish banana production, in which thermal accu-
mulation drives fruit filling rates and harvest periodicity [8,9]. Critically, the bunch-age
distribution variables (Pct 8–13 weeks) collectively contribute a substantial share of the
predictive signal. These features encode the standing crop’s developmental stage: bunches
aged 8–10 weeks are in the rapid cell-expansion and starch-accumulation phase, while
those at 11–13 weeks approach commercial maturity and are most sensitive to temperature-
driven variations in filling rate [8]. The model’s reliance on these physiological proxies
means that it effectively tracks the biological pipeline of fruit approaching harvest readiness,
rather than relying solely on statistical autocorrelation. This connection between feature
importance and fruit development physiology—mediated by local climatic conditions
such as temperature and soil water availability that modulate bunch filling rates by up to
39% [8]—bridges the gap between data-driven prediction and agronomic reality, providing
a forecasting tool that respects the biological constraints of the crop while optimizing the
industrial scale of the export supply chain.

The per-farm analysis revealed substantial heterogeneity in model performance,
with R2 values for XGBoost ranging from −0.60 (Farm 5) to 0.63 (Farm 6). Farms with
higher baseline forecast errors tended to show the strongest improvements. Notably,
Farm 1 was the only case where XGBoost exhibited a slightly higher MAE than the com-
pany baseline (4.91 vs. 4.62), though both models produced negative R2 values (−0.22
and −0.29, respectively). Both the company forecast and the ML model failed to explain
the variance in that farm, which suggests that Farm 1’s 2018 dynamics were driven by
idiosyncratic factors not captured by the current feature set. These could include atypical
management decisions, localized soil-drainage problems, or microclimate variability, none
of which are reflected in the aggregate bunch-age distributions and historical production
volumes the model relies on. This interpretation is consistent with research showing that
the climate–productivity relationship in bananas varies substantially even across farms
within the same region [36,37]. Farm 5 was the most challenging for all models, including
the company baseline; its negative R2 (−0.60) suggests that high production variability in
this unit may be driven by factors not captured in the current feature set—such as localized
weather events, irrigation variability, or pest outbreaks—and that farm-specific models or
hierarchical approaches could yield additional gains.

The practical significance of these results is substantial. A reduction in MAE from
9.18 to 3.95 boxes per hectare at a seven-week horizon translates directly into improved ca-
pacity allocation for packing lines, more accurate transport bookings, and better alignment
between harvest volumes and destination ripening programs. To illustrate the opera-
tional impact, consider that a standard 40-foot refrigerated container holds on the order of
960 boxes of export-grade bananas (approximately 20 pallets of 48 boxes each, at about 18 kg
per box; the exact figure varies with box weight and packing configuration) [39]. For a farm
of 200 Ha, the baseline forecast error of 9.2 boxes/Ha corresponds to a cumulative weekly
deviation of approximately 1840 boxes—close to two full containers either over-booked
(generating costly last-minute logistics) or under-booked (leaving idle cold-chain capacity).
Reducing this error to 3.9 boxes/Ha narrows the deviation to approximately 780 boxes, al-
lowing container bookings and packing schedules to be planned with substantially greater
precision. The 57% reduction in forecast error also has implications for sustainable farm
management. More precise allocation of packing materials, labor, and transport reduces the
carbon footprint associated with under-utilized shipments or emergency logistics. It also

https://doi.org/10.3390/agriengineering8070289

https://doi.org/10.3390/agriengineering8070289


AgriEngineering 2026, 8, 289 15 of 19

minimizes fruit rejection at destination ports due to green-life expiration caused by harvest-
timing misalignment [4,5,7]. Recent work on AI-driven simulation for agri-fresh food
supply chains has shown that intelligent network design and digital decision-making tools
can significantly mitigate disruption impacts and improve logistics responsiveness [38],
further supporting the operational value of integrating ML-based forecasts into supply
chain planning. For a company managing nine farms, these improvements compound
across production units, reducing idle packing capacity, limiting overtime during unex-
pected harvest peaks, and improving fruit condition at destination by enabling more precise
cutting schedules aligned with green-life requirements.

To verify that these findings do not depend on the single 2018 test year, we performed
an expanding-window rolling-origin validation. For each test year from 2016 to 2018,
the models were retrained on all preceding years (from 2007), using the hyperparame-
ters selected for the main analysis (Table 4), and evaluated on the held-out year. Table 9
reports the resulting MAE. The pattern is stable across the three years: every tuned en-
semble reduces MAE by between 46% and 57% relative to the company baseline, CatBoost
is consistently among the best models, and the Historical Mean remains a competitive
statistical reference while the Seasonal Naive lags behind. The relative advantage of the
ensembles is therefore not an artifact of the 2018 window, and it strengthens as the training
history lengthens.

Table 9. Rolling-origin (expanding-window) validation: MAE (boxes/Ha) by model and test year.
For each year, models were trained on all prior years (from 2007) using the hyperparameters
of Table 4.

Model 2016 2017 2018

Company Baseline 10.92 11.64 9.18
Seasonal Naive 6.57 7.83 5.23
Historical Mean 6.18 5.88 4.28

Random Forest 5.88 5.90 4.27
Extra Trees 5.91 6.17 4.42
Gradient Boosting 5.68 5.72 4.12
LightGBM 5.81 5.70 4.13
XGBoost 5.70 5.74 4.05
CatBoost 5.55 5.55 3.95

Test years comprise 468 (2016 and 2017) and 405 (2018) observations. The 2018 column corresponds to the
main-analysis setting (Table 5); minor differences for the tuned models arise because the rolling protocol refits
each model with fixed, rather than re-tuned, hyperparameters. The Seasonal Naive entry differs because the
rolling protocol indexes the same farm and calendar week of the previous year, whereas the main analysis uses a
strict 52-week lag; the two definitions diverge when years span 53 weeks. Both implementations remain well
above the ensemble errors. Best values per column in bold.

From a deployment standpoint, these models are light and practical to operate.
The tuned ensembles train in under a minute on a standard workstation and produce
a forecast in milliseconds, so an operator can refresh the seven-week-ahead outlook ev-
ery week from records the company already keeps (bunch-age counts, packing volumes,
and grade percentages), without new instrumentation. The forecast feeds the weekly cycle
the company already runs: provisional packing-line and labor schedules, container book-
ings, and cold-chain allocation, with the model retrained at the end of each season as new
weeks accumulate. Two cautions follow from the feature-importance analysis. Because the
farm identifier and Week dominate the model, the learned patterns are specific to these
nine farms and their seasonal cycle; applying the model to a new farm, or to a year with
a structural change in management or climate, would require retraining and, most likely,
the external climatic, soil, and disease-pressure variables discussed above. The model also
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interpolates within historical operating conditions rather than extrapolating to unseen
regimes, which is consistent with the poor performance on the idiosyncratic Farms 1 and 5.
These constraints define the operating envelope within which the forecasts can be trusted.

Several limitations should be acknowledged. First, although we included a rolling-
origin validation across 2016–2018 (Table 9), the external evaluation is still bounded by
data ending in 2018; additional years and longer production histories would strengthen the
robustness evidence further. Second, the feature set was limited to production-related
variables available in the company’s operational records. Systematic reviews consis-
tently identify temperature, rainfall, and soil properties as important predictors of crop
yield [25,27]; incorporating such variables could improve prediction accuracy, particularly
for high-variability farms like Farm 5. Third, although the study included a classical au-
toregressive comparator (per-farm ARIMA) alongside the naive and historical baselines,
it did not evaluate exponential-smoothing variants or deep learning architectures (LSTM,
CNN). The ARIMA results are themselves informative: while the forecasting competition
literature reports that statistical methods can be competitive at short horizons [16], the per-
farm ARIMA here improved on the company and Seasonal Naive forecasts yet was clearly
outperformed by both the Historical Mean and the ensembles. This indicates that, in this
dataset, predictive skill arises less from univariate temporal autocorrelation than from
stable cross-sectional (farm) and seasonal structure together with the contemporaneous
operational signals exploited by the ensembles. LSTM models have been applied to banana
yield forecasting in other contexts [31]; their evaluation, along with exponential smoothing,
multi-year validation protocols, and farm-specific or hierarchical modeling, remains a
direction for future work to further strengthen the evidence base.

5. Conclusions
This study evaluated six tuned ensemble machine learning models, three statistical

baselines (Seasonal Naive, Historical Mean, and a per-farm ARIMA), and a company
forecast baseline for seven-week-ahead forecasting of banana productivity per hectare
using operational data from nine commercial farms in northern Colombia (2007–2018).
All ensemble models substantially outperformed the company’s existing forecast baseline,
with CatBoost achieving the lowest errors on the 2018 external validation set (MAE = 3.95,
RMSE = 5.04, R2 = 0.61, EVS = 0.65)—though not significantly better than the other leading
models—representing a 57.0% reduction in mean absolute error and an 81.2% reduction in
mean squared error compared to the company baseline.

The Diebold–Mariano test revealed that CatBoost, XGBoost, LightGBM, Gradient
Boosting, Random Forest, and the Historical Mean baseline were statistically equivalent in
predictive accuracy (p > 0.05), while all significantly outperformed Extra Trees, the Sea-
sonal Naive forecast, and the company baseline. An ablation study confirmed no data
leakage from contemporaneous production features. This finding provides flexibility for
operational deployment, as simpler models like Random Forest or faster implementa-
tions like LightGBM can be chosen based on computational constraints without sacrificing
statistical performance.

Per-farm analysis revealed that the largest gains occurred in farms with high baseline
forecast errors, while farms with highly volatile production remained challenging and may
benefit from enriched feature sets incorporating climatic and agronomic variables.

From an operational perspective, these results demonstrate that tuned ensemble
machine learning models can serve as practical decision-support tools for short-term
harvest planning in banana export operations. The seven-week forecast horizon aligns with
real operational decision timelines for packing capacity allocation, transport scheduling,
and labor planning. Future work should explore integration of external weather and
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agronomic variables, multi-year rolling validation protocols, and farm-specific model
tuning to further enhance forecast accuracy and operational utility.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/agriengineering8070289/s1, Dataset S1: banana_sample_
desensitized.csv—desensitized representative weekly sample (2015–2018, nine farms) supporting
reproducibility; README_sample.md—description of the sample and the desensitization procedure.
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