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Abstract

Forecasting agricultural futures prices across multiple commodities remains highly chal-
lenging due to nonlinear price dynamics, strong market volatility, and complex cross-
market and cross-commodity interactions. To address these issues, this paper proposes
an explainable ensemble forecasting framework that integrates cross-market feature con-
struction and interpretation, a benchmark forecasting model pool, and reinforcement
learning-based ensemble optimization. A diverse set of deep learning models generate
benchmark forecasts using cross-market features that contain effective information, and a
reinforcement learning-guided chaotic evolutionary optimization algorithm is employed to
dynamically determine the ensemble weights under a multi-objective criterion that balances
prediction accuracy and stability. Meanwhile, explainable artificial intelligence techniques,
including SHAP and LIME, are incorporated to analyze the contribution of cross-market
features to price predictions. The proposed framework is applied to eight major agricultural
futures markets, including wheat, corn, and soybean-related commodities. Empirical re-
sults show that the ensemble model consistently outperforms individual forecasting models
in terms of prediction accuracy and stability. Moreover, in backtesting, most agricultural
commodities achieve positive returns under controlled risk levels. The findings indicate
that the proposed framework not only improves predictive performance and generates
substantial returns for most commodities, but also provides interpretable insights into the
mechanisms linking financial markets and agricultural commodity prices, demonstrating
its potential value for forecasting, trading, and risk management applications.

Keywords: agricultural futures forecasting; ensemble learning; reinforcement learning;
chaotic evolution optimization; explainable artificial intelligence; cross-market information

1. Introduction
Agricultural futures markets play a crucial role in the global food supply chain and

financial system. Prices of major agricultural commodities such as wheat, corn, and soy-
beans influence not only agricultural production and trade but also global food security
and macroeconomic stability. Accurate forecasting of agricultural futures prices is therefore
essential for market participants, including producers, traders, and policymakers. However,
forecasting agricultural futures prices across multiple commodities remains highly challeng-
ing due to strong market volatility, nonlinear price dynamics, and complex cross-market
interactions. These characteristics motivate the development of forecasting frameworks
that can simultaneously achieve high predictive accuracy, robustness, and interpretability.
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Early research on agricultural price forecasting primarily relied on traditional econo-
metric and time-series models. Classical approaches such as autoregressive integrated
moving average (ARIMA) and generalized autoregressive conditional heteroskedasticity
(GARCH) have been widely used to model temporal dependence and volatility clustering.
In the agricultural economics literature, these models have been extensively applied to
commodity price forecasting. For example, Ahumada and Cornejo [1] examine forecasting
performance for major agricultural commodities including corn, soybeans, and wheat,
while Etienne et al. [2] develop a futures-based forecasting framework for U.S. corn prices.
Other studies incorporate additional explanatory variables, such as online search behav-
ior, to enhance predictive performance [3]. Although these econometric models provide
interpretable structures and solid theoretical foundations, their linear assumptions limit
their ability to capture nonlinear patterns and high-dimensional interactions in modern
financial markets.

Traditional time-series models still have considerable value in empirical applications,
offering distinct advantages in capturing temporal dependence, autocorrelation, and condi-
tional heteroskedasticity, while also serving as important benchmarks for evaluating other
forecasting approaches. ARIMA-type models primarily capture linear temporal structures
and short-run persistence, whereas GARCH-family models are well suited to describing
volatility clustering and time-varying conditional risk. These properties are particularly
relevant in agricultural futures markets, where prices are influenced by persistent trends as
well as abrupt changes in market uncertainty. Recent empirical evidence confirms that tra-
ditional models remain competitive under specific conditions. For example, Wang et al. [4]
combine ARIMA with nonlinear machine learning models and denoising techniques to
forecast corn and soybean futures prices, finding that forecast combinations substantially
reduce prediction errors relative to individual models. Similarly, a recent comparative study
across major agricultural commodities shows that ARIMA can provide stable short-horizon
forecasts during relatively low-volatility periods, although nonlinear deep learning models
tend to perform better during highly volatile episodes [5]. At the same time, their limita-
tions in handling more complex dependencies explain the need to shift toward nonlinear
machine learning and deep learning approaches.

With the rapid development of machine learning and artificial intelligence, data-driven
approaches have become increasingly prominent in commodity price forecasting. Machine
learning models are capable of capturing nonlinear relationships and complex interactions
among multiple variables. More recently, deep learning architectures have demonstrated
strong performance in modeling sequential data with long-term dependencies. In particular,
recurrent neural networks such as long short-term memory (LSTM) have been widely used
in financial forecasting tasks [6], while hybrid architectures such as CNN–LSTM further
improve predictive performance by combining spatial and temporal feature extraction [7].
A comprehensive review by Sezer and Ozbayoglu [8] highlights the effectiveness of deep
learning methods in financial time series forecasting and emphasizes the importance of
integrating multiple data sources in complex market environments.

Despite the success of deep learning models, relying on a single model often leads to
unstable predictions due to model-specific biases and overfitting. Ensemble learning has
therefore emerged as an effective strategy to improve forecasting performance by combining
multiple models. Theoretical and empirical studies have shown that ensemble methods can
enhance generalization ability and reduce prediction errors by aggregating complementary
information from heterogeneous models. For example, Patel et al. [9] demonstrate that
hybrid and ensemble approaches significantly improve stock market prediction accuracy,
while Ganaie et al. [10] provide a comprehensive review of ensemble deep learning methods
and their advantages in complex prediction tasks. These findings suggest that ensemble
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frameworks are particularly suitable for financial forecasting problems characterized by
high uncertainty and structural complexity.

Forecasting performance of traditional econometric, machine learning, and deep
learning models often varies with market conditions and the underlying data-generating
process. Recent research no longer emphasizes replacing traditional methods with new
ones, but rather focuses on combining different types of models to more efficiently exploit
data. In forecasting agricultural commodity prices, such combinations can leverage both
the linear relationships captured by econometric models and the nonlinear patterns ex-
tracted by machine learning and deep learning models [4]. This provides a fundamental
rationale for ensemble forecasting: different models have complementary strengths in
revealing various aspects of price dynamics, and combining them can make the fullest
use of predictive information, thereby improving forecasting performance while reducing
the prediction bias and overfitting issues associated with individual models. However,
ensemble forecasting also introduces increased complexity, making it more difficult to
determine which input variables drive the final output and why the model behaves differ-
ently across market conditions. As a result, our attention naturally shifts from predictive
accuracy alone to model interpretability, motivating the incorporation of XAI methods into
the forecasting framework.

In parallel with advances in predictive modeling, explainable artificial intelligence
(XAI) has become increasingly important in the field of financial forecasting. Although deep
learning and ensemble methods often achieve high predictive accuracy, their lack of inter-
pretability has always limited their application in financial decision-making. To address
this issue, researchers have developed methods such as local interpretable model-agnostic
explanations (LIME) [11] and SHapley Additive exPlanations (SHAP) [12], which can pro-
vide both local and global explanations of model predictions. Empirical studies in finance
have confirmed the practical value of these techniques: Gramegna and Giudici [13] find
that SHAP and LIME effectively extract discriminative feature contributions from complex
credit risk models, while Çelik et al. [14] integrate LIME into financial time series ensemble
forecasting to assess prediction reliability and support decision-making. Recent research
has further extended Shapley-based explanations to neural network architectures for time
series [15], and has combined SHAP with Transformer models to achieve fine-grained
interpretability of historical time steps and input features [16].

Interpretability does not necessarily come at the cost of predictive accuracy.
Giudici et al. [15] evaluate neural-network-based time-series models with respect to accu-
racy, robustness, and interpretability, and find that recurrent architectures substantially out-
perform simpler benchmarks on both accuracy and robustness while remaining amenable to
Shapley-based interpretation. Recently, Hertel et al. [16] proposed SHAPformer, which inte-
grates SHAP-based explanations directly into the Transformer forecasting framework. Their
experiments show that this model maintains competitive predictive accuracy while pro-
viding precise local and global explanations; on the electricity price dataset, SHAPformer
even outperforms the standard Transformer and other benchmark models. Interpretability
and predictive performance are not conflicting objectives. By combining XAI with neural
network models, we can obtain interpretable predictive information. Furthermore, a re-
cursive forecasting structure can continuously refine the usefulness of input information,
thereby both enhancing model transparency and maintaining or even further improving
predictive accuracy.

Comprehensive surveys also confirm that SHAP, feature importance analysis, and at-
tention mechanisms have become the most common XAI strategies in financial time series
forecasting [17]. Overall, XAI is evolving from a post-hoc interpretation tool into a crucial
bridge between predictive models and financial decision-making: global explanations
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help us identify persistently influential variables that drive market dynamics, while local
explanations help reveal feature contributions under specific market conditions, assisting
researchers in understanding model behavior during abnormal episodes. Motivated by
these advances, this study employs SHAP for global feature importance analysis to identify
the overall contributions of macro-financial variables to ensemble predictions, and uses
LIME for local explanations of representative prediction instances, thereby enhancing the
transparency and interpretability of the proposed ensemble forecasting framework.

Despite these advances, several important limitations remain in the existing literature.
First, most studies focus on forecasting a single commodity market in isolation, while
agricultural futures markets are inherently interconnected through global trade, substitu-
tion effects, and shared macroeconomic drivers. As a result, cross-market information is
often underutilized in forecasting models. Second, many existing ensemble approaches
rely on static weighting schemes, which cannot adapt to changing market conditions and
may fail to capture dynamic relationships among forecasting models. Third, although ex-
plainable AI methods have been widely applied in various domains, their integration
into ensemble forecasting frameworks for agricultural futures markets remains limited,
and few studies simultaneously address predictive accuracy and interpretability within a
unified framework.

To address these limitations, this paper proposes an explainable ensemble forecasting
framework for agricultural futures prices based on a reinforcement learning-guided chaotic
evolutionary optimization algorithm. The proposed framework integrates cross-market
feature construction, a heterogeneous pool of deep learning models, and a dynamic ensem-
ble optimization mechanism. Specifically, cross-market features are constructed to capture
interactions among macro-financial variables and commodity markets. Multiple deep learn-
ing architectures are then employed to generate individual forecasts, and a reinforcement
learning-guided multi-objective optimization algorithm is used to dynamically determine
ensemble weights. Finally, SHAP and LIME are incorporated to provide both global and
local interpretability, thereby enhancing model transparency and identifying key drivers of
agricultural futures price dynamics.

This paper makes three main contributions. First, it extends agricultural futures fore-
casting from a single-market setting to a multi-commodity framework by incorporating
cross-market features, enabling the model to capture information spillovers across mar-
kets. Second, it develops a dynamic ensemble forecasting framework in which multiple
neural network models are combined using a reinforcement learning-guided optimization
algorithm, improving both predictive accuracy and stability. Third, it integrates explain-
ability analysis into the ensemble framework through SHAP and LIME, providing insights
into the underlying mechanisms of price formation and enhancing the interpretability of
forecasting results.

The remainder of this paper is organized as follows. Section 2 describes the dataset and
preprocessing procedures. Section 3 presents the proposed methodology. Section 4 reports
the empirical results. Section 5 evaluates the economic value of the forecasts. Section 6
provides robustness checks. Section 7 concludes the study.

2. Data
2.1. Agricultural Futures Markets and Data Sources

This study selects eight representative agricultural futures contracts traded on ma-
jor international exchanges as research objects for agricultural futures price forecasting.
The dataset includes London Wheat, U.S. Rough Rice, U.S. Corn, U.S. Wheat, U.S. Soybean,
U.S. Soybean Meal, U.S. Soybean Oil, and China Soybean No. 2. These varieties represent
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key commodities in agricultural trade and are widely used by producers, speculators,
and financial institutions for hedging and speculative purposes.

Most of the selected varieties are traded on the Chicago Board of Trade (CBOT), which
plays a central role in global agricultural price discovery and therefore serves as the pri-
mary focus of this study. Contracts such as rough rice, corn, wheat, soybeans, soybean
meal, and soybean oil are among the most liquid agricultural derivatives markets, providing
rich information about supply–demand expectations and global agricultural price dynamics.
Their high liquidity and transparency also create favorable conditions for empirical analy-
sis. Meanwhile, the dataset also incorporates varieties from other markets to validate the
cross-market influence of macro-financial variables. London Wheat futures represent an
important European benchmark for wheat pricing, while China Soybean No. 2 futures are
included to capture regional market dynamics from China, one of the world’s largest soybean
importers. By covering both Western and Chinese markets, this study captures price dynamics
across different agricultural markets and measures the impact of macro-financial variables on
agricultural futures prices across different markets and varieties.

Based on these eight agricultural futures varieties, this study constructs a dataset consist-
ing of daily historical observations collected from major commodity exchanges and financial
data providers. In addition to futures market data, to further capture cross-market influences
on agricultural commodity prices, the dataset incorporates multiple categories of macro-
financial variables, specifically covering five dimensions: monetary policy, equity markets,
market sentiment, geopolitical risk, and commodity markets. Detailed descriptions of each
variable and their corresponding data sources are summarized in Table 1.

Table 1. Influencing factors of agricultural futures price fluctuations.

Category Indicator Data Source

Monetary policy Fed effective rate Investing.com https://www.investing.com/
(accessed on 28 November 2025)

Monetary policy US dollar index Investing.com https://www.investing.com/
(accessed on 28 November 2025)

Stock market S&P 500 index Investing.com https://www.investing.com/
(accessed on 28 November 2025)

Stock market Dow Jones industrial average Investing.com https://www.investing.com/
(accessed on 28 November 2025)

Stock market CSI 300 index Investing.com https://www.investing.com/
(accessed on 28 November 2025)

Market sentiment VIX index Investing.com https://www.investing.com/
(accessed on 28 November 2025)

Geopolitical risk Geopolitical risk index (GPR) Matteo Iacoviello https://www.matteoiacoviello.com/gpr.htm
(accessed on 28 November 2025)

Commodity WTI crude oil price Investing.com https://www.investing.com/
(accessed on 28 November 2025)

Note: Financial data are collected from publicly available investment websites, primarily Investing.com, while the
geopolitical risk index is obtained from the Matteo Iacoviello database.

The selection of macro-financial indicators in this study draws on established empirical
literature on commodity price dynamics and forecasting. Specifically, the Dollar Index
captures exchange rate conditions that affect the international competitiveness and dollar-
denominated valuation of agricultural commodities [18]; the S&P 500, VIX, and Dow Jones
indices reflect equity-market conditions and financial risk, which are increasingly intercon-
nected with commodity markets through financial integration and investor sentiment [19];
the CSI 300 index captures Chinese equity-market conditions and broader domestic fi-
nancial and economic dynamics, reflecting the importance of China in global agricultural
commodity markets; the GPR Index captures geopolitical uncertainty and its potential
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transmission to commodity prices and market volatility [20]; WTI crude oil prices serve as a
proxy for energy-market conditions and cost pressures transmitted from energy markets to
agricultural commodities [21]; and the Federal Reserve policy rate influences real commod-
ity prices through interest-rate, inventory-carrying-cost, and exchange-rate channels [22].

2.2. Feature Construction

To capture the impact of cross-market financial factors on agricultural futures prices,
this study constructs a series of feature sets based on multiple macro-financial variables
and their derived statistical indicators. The objective of this feature construction process
is to integrate information from macro-financial variables and generate effective factors
that reflect the drivers of commodity price movements. Specifically, feature construction
consists of three steps.

First, raw features consist of the normalized daily values of the financial market
factors listed in Table 1, including monetary policy indicators, equity market indices,
market sentiment variables, geopolitical risk indicators, and commodity prices. These
variables represent major factors that may influence agricultural futures markets through
channels such as liquidity conditions, investor sentiment, and macroeconomic shocks.

Second, composite features are generated through pairwise arithmetic transformations
among the raw factors, including addition, subtraction, multiplication, and ratio operations,
to capture potential linear and nonlinear interaction effects among financial variables.

Third, statistical features are constructed using a rolling window approach. For each
financial factor, rolling statistics over a 20-trading-day window are calculated, includ-
ing mean, standard deviation, maximum, and minimum values, to capture short-term
trends, volatility patterns, and local dynamics in financial markets. Through this process,
a high-dimensional feature space with more than 200 candidate variables is generated for
each commodity, providing a rich information basis for subsequent feature selection and
forecasting modeling.

To screen for informative factors, this study adopts a two-stage feature selection
framework. In the first stage, mutual information filtering is used to identify predictors
with strong statistical dependence on agricultural futures prices. In the second stage,
importance evaluation based on SHAP values is conducted on the factors selected in
the first stage to further identify high-quality predictors. The selected features generally
reflect the direct or indirect influence of macro-financial variables on agricultural futures
prices. Notably, the ratio of the Dow Jones Industrial Average to the target commodity
price frequently appears among the selected predictors, indicating that changes in global
equity market conditions play an important role in agricultural futures price movements.
In addition, the ratio between the federal funds rate and commodity prices is selected for
most commodities, suggesting that monetary policy conditions exert broad influence on
agricultural futures prices.

2.3. Sample Period and Data Preprocessing

The dataset consists of daily observations spanning from 2 January 2018 to 1 October 2025,
covering multiple significant market fluctuation events, which effectively allows for evaluating
the forecasting robustness of the ensemble model under different market conditions. Mean-
while, to effectively evaluate out-of-sample forecasting performance and avoid look-ahead
bias, the dataset is partitioned chronologically into three subsets.

First, the first 70% of observations is used to train the base model pool consisting of
ten commonly used neural networks, obtaining standardized parameters for individual
models, which are then applied to the validation and test sets. Second, the next 15% of
observations is used as the validation set, where a reinforcement learning-guided chaotic
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evolutionary optimization algorithm is employed to combine and optimize the forecasts
from ten commonly used artificial neural network architectures, obtaining the parameters
for the reinforcement learning and chaotic optimization algorithms, which are then applied
to the test set. Finally, the remaining 15% of observations is used as the test set for out-
of-sample evaluation, validating the forecasting robustness of the ensemble model under
different market conditions and conducting trading backtesting using the forecast results
to assess actual returns. Detailed dataset partitioning for each commodity is illustrated in
Appendix A Figure A1.

Prior to model training, the raw data are preprocessed as follows. First, all macro-
financial variables are aligned with agricultural futures price series by date to ensure
cross-market data synchronization. Second, missing values and outliers are handled using
linear interpolation and a rolling three-sigma rule, respectively. Third, the Augmented
Dickey–Fuller test is used to examine the stationarity of the series; if a unit root exists,
first-difference transformation is applied to achieve stationarity. Finally, all variables are
normalized using Min–Max scaling to map values into the interval [0, 1]. It should be
noted that the primary prediction target of all neural network models is the log return,
rt = ln(Pt/Pt−1), rather than the price level Pt. This choice is mainly based on two reasons:
first, log returns are generally stationary—a property confirmed by the ADF test—which
ensures the reliability of model estimation; second, using log returns makes the forecast
results comparable across different commodities, which is particularly crucial for our multi-
commodity ensemble forecasting framework. All predicted log returns are subsequently
converted back to price levels for performance evaluation and trading backtests.

3. Methodology
3.1. Framework Overview

This study proposes an explainable ensemble forecasting framework for agricultural
futures prices, integrating cross-market feature construction and selection, a benchmark
forecasting model pool, reinforcement learning-based ensemble optimization, and ex-
plainability analysis. The overall architecture of the proposed framework is illustrated in
Figure 1, and its workflow consists of four main stages.

In the first stage, informative feature variables are selected from the raw features.
The raw features cover macro-financial variables such as monetary policy indicators, equity
market indices, market sentiment variables, geopolitical risk indicators, and commodity
prices, while also incorporating composite features and rolling statistical features con-
structed based on the above variables. These complex features, while retaining their own
informative content, interact with other macro-financial variables and effectively capture
the real and complex phenomenon of financial contagion. Furthermore, the complexity of
the feature set aligns well with the black-box nature of neural network models as well as
the nonlinearity and high volatility of futures price changes, providing a powerful tool for
neural network models to fit the nonlinear dynamics of futures prices.

In the second stage, this study constructs a benchmark forecasting model pool encom-
passing classical neural networks, recurrent architectures, convolutional models, attention-
based models, and hybrid deep learning frameworks. Specifically, the model pool includes
KAN-BiLSTM, Attention-LSTM, BPNN, GRU, CNN, LSTM, RNN, Transformer, CNN-
LSTM, and Transformer-LSTM. Due to the differences among various neural network
architectures, each base model in the model pool is capable of capturing diverse nonlinear
relationships and temporal dependencies. This diversity ensures that various patterns of
futures price movements can be captured by at least one type of model, thereby laying a
theoretical foundation for the robustness of the ensemble model.

https://doi.org/10.3390/a19080660

https://doi.org/10.3390/a19080660


Algorithms 2026, 19, 660 8 of 33

Figure 1. Overall framework of the proposed forecasting model.

In the third stage, an ensemble optimization algorithm that balances prediction accu-
racy and stability (MCEORL) is employed to determine the optimal weights of the base
models. By dynamically adjusting the weights, this algorithm can identify the relatively
better-performing neural network models under different market conditions and assign
them higher weights. Meanwhile, to enhance the forecasting robustness of the model across
different markets and varieties, the algorithm reserves a certain contribution for each neural
network model, considering that macro-financial variables may affect all or only part of
the varieties, and that the temporal dependence characteristics differ across varieties. Al-
though this design may sacrifice some degree of extreme prediction accuracy, it effectively
improves the overall forecasting performance of the model across different commodities.

https://doi.org/10.3390/a19080660

https://doi.org/10.3390/a19080660


Algorithms 2026, 19, 660 9 of 33

Finally, SHAP and LIME techniques are used to bridge the connection between effec-
tive feature variables and neural network models, conducting explainability analysis of
the ensemble model’s forecasts. These two methods identify the key factors influencing
agricultural futures prices from both global and local perspectives, revealing the marginal
contribution of each feature variable while providing interpretable explanations for indi-
vidual predictions.

3.2. Feature Selection Method

Although we construct a high-dimensional feature space with more than 200 candidate
variables, not all variables are effective for price prediction. Therefore, feature selection is
required before model training to reduce the computational burden and improve opera-
tional efficiency. This study adopts a two-stage feature selection framework. In the first
stage, mutual information filtering is used to identify predictors with high statistical de-
pendence on agricultural futures prices. In the second stage, importance evaluation based
on SHAP values is conducted on the selected factors to further identify high-quality predic-
tors. Through this two-stage design, informative factors can be retained while redundant
features are eliminated, thereby reducing the risk of overfitting.

In the first stage, Mutual Information (MI) is used to measure nonlinear dependency
between variables, which has been widely applied in feature selection for complex pre-
diction problems [23]. Mutual information quantifies the amount of information that one
random variable provides about another. Formally, the mutual information between feature
X and target variable Y is defined as

I(X; Y) = ∑
x∈X

∑
y∈Y

p(x, y) log
p(x, y)

p(x)p(y)
(1)

where p(x, y) denotes the joint probability distribution of X and Y, and p(x) and p(y)
represent their marginal distributions. Features with higher mutual information values
indicate stronger predictive relationships with the target variable. Based on this criterion,
the top-ranked features are retained for further analysis.

In the second stage, model-based feature importance evaluation is conducted using an
XGBoost model combined with SHAP (Shapley Additive Explanations) [12,24]. The SHAP
framework attributes the contribution of each feature to the model prediction based on
cooperative game theory. The SHAP value for feature i is defined as

ϕi = ∑
S⊆F\{i}

|S|!(|F| − |S| − 1)!
|F|! [ f (S ∪ {i})− f (S)] (2)

where F represents the set of all features and S denotes a subset of features excluding feature i.
The SHAP value measures the marginal contribution of each feature to the prediction.

This two-stage design combining mutual information filtering with SHAP value im-
portance evaluation effectively compresses the feature space dimension while retaining the
most informative predictors. Through the above selection process, on the one hand, the in-
terference of redundant variables in model training is eliminated, providing high-quality
feature inputs for subsequent neural network models and ensuring that the forecasting
model can focus on the core information that truly affects agricultural futures prices. On the
other hand, SHAP values can reveal the contribution of each feature variable to the pre-
diction results, not only ensuring that the feature variables input into the model contain
effective information, but also ensuring that each feature variable can explain part of the
price variation to some extent, providing an intuitive interpretable basis for the forecast-
ing framework. This design improves model computational efficiency and predictive
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performance while also providing a transparent basis for understanding the drivers of
agricultural futures prices.

3.3. Forecasting Model Pool

To capture the complex dynamic characteristics of agricultural futures prices under
different market conditions, this study constructs a benchmark forecasting model pool
encompassing classical neural networks, recurrent architectures, convolutional models,
attention-based models, and hybrid deep learning frameworks. Due to the differences
among various neural network architectures, each model captures distinct nonlinear re-
lationships and temporal dependencies, which has been widely demonstrated in deep
learning-based financial forecasting studies [6–8]. This diversity ensures that various
patterns of futures price movements can be captured by different models, providing a
theoretical foundation for ensemble learning, which improves predictive performance by
aggregating complementary information from heterogeneous predictors [9,10]. At the same
time, the benchmark model pool containing multiple architectures can better absorb the
informative factors screened through feature engineering, ensuring that every piece of
effective information can be captured by at least one type of neural network architecture.

The model pool consists of ten neural network models, including KAN-BiLSTM,
Attention-LSTM, BPNN, GRU, CNN, LSTM, RNN, Transformer, CNN-LSTM, and
Transformer-LSTM (see Table 2 for a summary). To illustrate the structural differences
among representative neural network architectures, Figure 2 presents the principle dia-
grams of GRU, CNN–LSTM, and KAN–BiLSTM, which respectively represent recurrent,
hybrid, and advanced architectures within the model pool.These models collectively cover
classical neural networks, recurrent architectures, convolutional models, attention-based
models, and hybrid deep learning frameworks.

Table 2. Heterogeneous base models for ensemble forecasting.

Model Modeling Characteristics

Recurrent neural networks
RNN Captures short-term temporal dependencies
LSTM Models long-term dependencies via gated memory mechanisms
GRU Provides efficient gating with fewer parameters

Convolutional and hybrid models
CNN Extracts local temporal features
CNN–LSTM Combines spatial feature extraction with sequence learning
Attention–LSTM Enhances sequence modeling via attention weighting

Attention-based models
Transformer Captures global dependencies via self-attention
Transformer–LSTM Integrates attention-based encoding with sequential decoding

Advanced and baseline models
KAN–BiLSTM Combines KAN representation with bidirectional sequence modeling
BPNN Serves as a nonlinear regression benchmark

A single neural network architecture has inherent limitations in modeling capability,
making it difficult to simultaneously capture local and global features, temporal depen-
dencies, and complex nonlinear characteristics in price movements. Therefore, multiple
neural network architectures are needed to leverage the respective modeling strengths
of different models. Each architecture can identify the price movement patterns it is best
suited to capture, and by integrating them in the next step, a complete characterization of
price movement patterns under different market conditions can be achieved. Specifically,
recurrent neural networks and their variants (RNN, LSTM, and GRU) excel at captur-
ing sequential dependencies in time-series data; attention-based architectures such as
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Attention-LSTM and Transformer effectively capture long-range dependencies in price
movements by dynamically assigning weights to different time steps; convolutional neural
networks (CNNs) excel at extracting local temporal patterns, while hybrid architectures
such as CNN-LSTM and Transformer-LSTM combine more complex network structures to
capture both local features and global dependencies; in addition, KAN-BiLSTM integrates
the learnable activation functions of the Kolmogorov–Arnold Network with a bidirectional
LSTM structure, making it particularly adept at fitting complex nonlinear relationships;
the Back Propagation Neural Network (BPNN) is also included as a classical feedforward
neural network baseline.

Figure 2. Principle diagrams of GRU, CNN–LSTM, and KAN–BiLSTM.

The above models cover various modeling approaches ranging from temporal de-
pendencies and local features to complex nonlinear fitting, collectively forming a diverse
benchmark model pool that provides effective tool support for identifying price dynamics
under different market conditions. This multi-architecture design not only fully leverages
the advantages of each model in specific modeling tasks but also lays a solid foundation
for subsequent ensemble optimization.

To ensure comparability, all base models are trained using the same training configu-
ration on the training set. The Adam optimizer is used with an initial learning rate of 0.001,
the mean squared error is used as the loss function, the batch size is set to 32, and early stop-
ping is applied if the validation loss does not improve for 10 consecutive epochs, with the
maximum number of epochs set to 200. Capturing local and global features, temporal
dependencies, and complex nonlinear characteristics in price movements is difficult for a
single neural network architecture; we therefore need multiple architectures. However, this
study does not adopt a deeply differentiated training approach for all base models. The ob-
jective is not to explore the predictive performance boundary of a single neural network in
isolation. The computational cost of separately and deeply training individual neural net-
works is not lower than that required for the combined optimization process, and it is also
more prone to overfitting. As the sample size increases, the exponential increase in compu-
tational burden must be considered. Compared with separately exploring a single neural
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network architecture, unified pre-training and combined optimization represent a balanced
consideration of computational efficiency, prediction accuracy, and model stability.

3.4. Reinforcement Learning-Based Ensemble Optimization

After obtaining the prediction results from the base model pool, preliminary forecasts
covering various types of price information are available. How to efficiently extract effec-
tive predictive information from them becomes the key to improving overall performance.
The process of determining the optimal combination weights is essentially an evaluation
and selection of effective predictive information from various models, and this step sig-
nificantly enhances prediction performance and model robustness. To this end, this study
proposes a Multi-objective Chaotic Evolution Optimization algorithm with Reinforcement
Learning (MCEORL) to determine the ensemble weights of the forecasting models. This al-
gorithm reserves a certain weight for each neural network model. Although this design may
sacrifice some degree of extreme prediction accuracy, it enables the ensemble framework to
flexibly adapt to dynamic changes across different varieties and market conditions.

Financial markets are highly complex. The influence of macro-financial variables
may be global or local; the linkages among various variables are intricate; not all varieties
are simultaneously affected in the same way, and instead there exist sequential transmis-
sion mechanisms; moreover, the persistence of volatility effects varies. Faced with such
highly uncertain linkages, any attempt to precisely characterize all transmission paths is
impractical. Therefore, the goal of this study is not to construct a precise model tailored
to a specific market environment, but to design a robust ensemble framework capable of
flexibly adapting to complex and changing conditions. The optimization framework is
illustrated in Figure 3.

To translate the above design objective into a formal framework, the ensemble forecast-
ing problem is formulated as an optimization problem over model combination weights.
Specifically, the aggregation of heterogeneous base model predictions is defined as follows.

3.4.1. Ensemble Formulation

Let ŷ(i)t denote the prediction of the i-th base model at time t, and let wi,t be the
corresponding ensemble weight. The aggregated prediction is defined as

ŷ ens
t =

N

∑
i=1

wi,t ŷ(i)t , (3)

where N is the number of base models. To ensure interpretability and stability, the weights
are constrained by

N

∑
i=1

wi,t = 1, wi,t ≥ w > 0. (4)

This constraint ensures that each model retains a minimum contribution, preventing over-
reliance on a single predictor and improving robustness across varying market conditions.

3.4.2. Multi-Objective Optimization

To jointly consider forecasting accuracy and stability, the ensemble weight selection is
formulated as a multi-objective optimization problem:

min
wt

F(wt) = ( f1(wt), f2(wt)), (5)

where

f1(wt) =
1
T

T

∑
t=1

∣∣∣∣yt − ŷ ens
t

yt

∣∣∣∣, (6)
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f2(wt) =
1
T

T

∑
t=1

(et − ē)2, et = yt − ŷ ens
t . (7)

Here, f1 corresponds to the Mean Absolute Percentage Error (MAPE), while f2 measures the
variance of prediction errors, capturing forecasting stability. Such a formulation naturally
leads to a multi-objective optimization framework, which is widely adopted in forecasting
and the optimization literature [25].

Figure 3. Framework of the MCEORL-based ensemble optimization algorithm.
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3.4.3. Chaotic Evolutionary Optimization

The optimization problem is solved using Chaotic Evolution Optimization (CEO),
where a population of candidate weight vectors is maintained:

w(k)
t =

(
w(k)

1,t , w(k)
2,t , . . . , w(k)

N,t

)
, k = 1, . . . , K, (8)

with K denoting the population size. To enhance global exploration, chaotic sequences are
introduced via the logistic map:

xt+1 = µxt(1 − xt), µ ∈ (3.57, 4], (9)

which improves ergodicity and enhances global optimization performance in nonlinear
search problems [26].

3.4.4. Reinforcement Learning Mechanism

To further improve search efficiency, a reinforcement learning (RL) agent is intro-
duced to adaptively select mutation strategies during the evolutionary process. The en-
semble optimization is modeled as a Markov decision process.As illustrated in Figure 4,
the reinforcement learning agent observes the optimization state and adaptively selects
mutation strategies.

Figure 4. State representation and action space in the reinforcement learning-guided ensemble
optimization framework. The state vector summarizes the current optimization status, including per-
formance metrics (MAPE and error variance), their improvements, population structure information
(weight entropy and diversity), and iteration progress. Based on the observed state, the reinforcement
learning agent selects an action from the predefined action space, corresponding to different mutation
or search strategies, which are then applied to update the population of ensemble weights.
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The state at iteration t is defined as

st =
(

f (best)
1 , f (best)

2 , ∆ f1, ∆ f2, H(wbest), Dt, τt

)
, (10)

where f (best)
1 and f (best)

2 denote the current best objective values, ∆ f1 and ∆ f2 represent their
improvements, H(wbest) is the entropy of the best weight vector, Dt measures population
diversity, and τt is the normalized iteration index.

The action space is defined as

at ∈ A = {a(1), a(2), . . . , a(M)}, (11)

where each action corresponds to a candidate mutation or search strategy applied to
the population.

The reward is designed to encourage both accuracy improvement and stability:

rt = λ1∆ f1 + λ2∆ f2 + λ3Dt (12)

Through repeated interaction with the environment, the reinforcement learning agent
learns optimal policies based on reward feedback, following the Q-learning framework
originally proposed by Watkins and Dayan [27]. The action selection follows an ϵ-greedy
policy, and the Q-learning update rule is given by

Q(s, a) = Q(s, a) + α

[
r + γ max

a′
Q(s′, a′)− Q(s, a)

]
, (13)

where α is the learning rate and γ is the discount factor. In this framework, reinforcement
learning operates at the meta-optimization level, guiding the evolutionary search process
rather than directly generating forecasts.

Based on the above design philosophy, the proposed MCEORL algorithm combines
chaotic evolutionary optimization with reinforcement learning, achieving a dynamic bal-
ance between global exploration and local exploitation while considering both prediction
accuracy and stability, thereby improving convergence efficiency and ensemble robustness.
More importantly, this ensemble framework no longer treats the predictions of each base
model as static inputs but views them as a dynamically complementary information set.
Under different market conditions, the price drivers captured by different models vary,
and the ensemble mechanism enables each model to maximize its value in the scenarios
where it excels through adaptive weight allocation. This dynamic complementary ensem-
ble approach not only responds to the high uncertainty of financial market linkages but
also lays the foundation for subsequent explainability analysis. The dynamic changes in
ensemble weights themselves contain information about the evolution of the importance
of various feature variables under different market conditions, and SHAP and LIME tech-
niques can reveal the drivers behind these weights, thereby establishing a more complete
explanatory chain between “how to integrate” and “why to integrate in this way.”

3.5. Explainability Analysis

Through feature selection and the construction of the benchmark model pool, this
study completes the screening of effective predictive information factors and applies them
to multiple neural network architectures. However, although the ensemble framework
can identify neural network architectures that carry effective information, the direct link
between the effective information factors and the actual predicted prices becomes weaker.
We know that these factors help achieve price predictions, with the benchmark model
pool serving as their carrier and the ensemble algorithm serving as the tool for selecting
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the carrier. However, due to the black-box nature of neural networks, it is difficult to
trace which parts of price movements are driven by which effective information factors.
In the prediction process, effective information is utilized but the specific mechanisms
driving price changes cannot be explained directly. Benefiting from the advantages of
neural network architectures in nonlinear fitting, this study also introduces a large number
of variables containing nonlinear information in the feature construction stage, enabling the
model to effectively simulate highly volatile price movements. However, it is precisely this
nonlinearity that makes the intrinsic mechanisms of price movements difficult to explain
directly. In the pursuit of higher prediction accuracy, input features gradually deviate
from their original interpretable form, which becomes an important reason why price
movements are difficult to understand.

To address this limitation and enhance the transparency and credibility of the fore-
casting framework, this study introduces an explainability analysis module based on
explainable artificial intelligence techniques. This module does not attempt to replace
the nonlinear fitting advantages of neural networks, but rather establishes an explana-
tory link between effective information factors and prediction results through techniques
such as SHAP and LIME while maintaining the model’s predictive capability. In this
way, the framework can not only leverage the predictive advantages of complex features
and deep learning architectures in high-volatility markets but also provide traceable and
understandable explanations for the intrinsic drivers of price movements.

To address the contradiction between high predictive capability and low interpretabil-
ity arising from the black-box nature of neural networks, this study first introduces the
SHAP (Shapley Additive Explanations) method for global explainability analysis [12,24],
aiming to establish an explanatory link between effective information factors and predic-
tion results. SHAP values, based on cooperative game theory, fairly measure the marginal
contribution of each feature to the model prediction, thereby reasonably allocating the
prediction results to each input feature.

This global analysis runs throughout the forecasting framework. The SHAP method
bridges the black box between feature variables and neural network models, making
previously difficult-to-interpret neural network models explainable. Specifically, the ef-
fectiveness of the macro-financial variables and their derived features screened through
feature engineering is verified by the extent to which neural network models utilize them.
SHAP values can reveal which cross-market factors are driving price movements. On this
basis, the ensemble framework weights the predictions of base models that have already
been rendered interpretable, and the dynamic weights determined by the MCEORL algo-
rithm can thus be attributed to specific market drivers rather than being treated entirely as
a black-box decision. Through this integrated explanatory analysis, this study can maintain
high prediction accuracy while providing a unified explanatory perspective for feature
selection, model integration, and final price predictions, enabling researchers to examine
which variables consistently drive model predictions across different commodities and
market conditions, thereby providing a transparent and traceable basis for understanding
the formation mechanisms of agricultural futures prices.

Second, the LIME (Local Interpretable Model-agnostic Explanations) method is used
for local explainability analysis [11]. Unlike the global perspective of SHAP, LIME focuses
on individual prediction instances, generating perturbed samples around the input data and
fitting an interpretable surrogate model to locally approximate the behavior of the complex
ensemble model, thereby providing case-level explanations for individual predictions
under specific market conditions. This local analysis method also runs through the three
levels of feature engineering, benchmark model pool, and ensemble framework, enabling
the tracing of feature utilization and decision-making at each level for a single prediction
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instance. Through the complementary application of SHAP and LIME, this study constructs
a complete explainability analysis framework from global to local perspectives, enabling
the forecasting framework to provide transparent and traceable explanations for feature
engineering, model selection, and ensemble decisions while maintaining high accuracy.

4. Empirical Results
4.1. Experimental Design

Following the forecasting framework presented in Section 3, the empirical analysis is
organized around three components of the proposed system: feature selection, ensemble
optimization, and explainability analysis. First, through the feature selection module and
the benchmark forecasting model pool, this study obtains the effective information feature
set after two-stage selection and the individual prediction results of each base model,
corresponding to the mutual information and SHAP-based feature selection process and
the construction of the benchmark model pool described in Section 3. Second, through
the ensemble optimization module, this study obtains the dynamic weights determined
by the MCEORL algorithm and the optimized prediction results of the ensemble model,
corresponding to the ensemble optimization design that balances prediction accuracy and
stability in Section 3. Finally, through the explainability analysis module, this study obtains
the global SHAP explanations and local LIME explanations, corresponding to the complete
explainability analysis framework from global to local perspectives in Section 3. In this
sense, the empirical design fully corresponds to the three core modules of the proposed
framework: feature selection, ensemble optimization, and explainability analysis.

In terms of presenting the empirical results, this study does not fully display the
outputs of each module step by step as in Section 3, but instead focuses on the overall
performance evaluation of the ensemble model. First, by comparing the prediction results
of the ensemble model with those of the best single model, this study directly demonstrates
the superiority of the ensemble model. Second, it presents the prediction performance of
the base models, the model parameters during the ensemble optimization process, and the
weight allocation results of each model. Finally, it presents the explainability analysis
results. For prediction accuracy evaluation, this study adopts commonly used metrics
including root mean squared error (RMSE), mean absolute error (MAE), and mean absolute
percentage error (MAPE) to comprehensively evaluate the prediction performance of both
single models and the ensemble model.

4.2. Forecasting Performance

Figure 5 presents the comparison of mean absolute percentage error (MAPE) between
the ensemble optimization model and the best single neural network architecture across
the eight agricultural commodities. The results show that the ensemble optimization model
outperforms the best single model in terms of prediction accuracy for most of the agricul-
tural commodities. The ensemble model proposed in this study is designed from the outset
to balance both prediction accuracy and stability, aiming to explore the dynamically comple-
mentary information embedded in the predictions of the base models, with the expectation
that under different market conditions, useful predictive information may come primarily
from the neural network model best suited to those conditions. This design ensures that the
ensemble model evolves toward an improved path during the optimization search. At the
same time, to enhance adaptability across different varieties, the ensemble framework
imposes a mandatory contribution on all single models—although most of the weight is
still concentrated on the top few models with better predictive performance—which, in the-
ory, could potentially reduce extreme prediction accuracy. Nevertheless, the ability of the
ensemble model to dynamically capture an improved information set enhances prediction
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accuracy more than the accuracy loss caused by mandatory weighting, demonstrating the
advantage of the adaptive weight allocation strategy and verifying the feasibility of the
constructed multi-commodity ensemble forecasting framework. Although the ensemble
forecasting framework may not always achieve the most extreme prediction accuracy
attainable by a narrowly specialized model, it effectively balances prediction accuracy,
model robustness, and computational efficiency, enabling researchers without access to
high-performance computing facilities to reproduce the method.

Figure 5. MAPE comparison between the best base model and the optimized ensemble across
agricultural futures commodities. The corresponding best-performing base models are: US corn
(GRU), US wheat (GRU), US soybean price (GRU), US soybean meal (CNN–LSTM), US soybean oil
(RNN), London wheat (LSTM), rough rice (Trans–LSTM), and CN soybean price B (LSTM).

To fully present other modules of the experimental design and provide supplementary
evidence for the above empirical results, this section briefly reports the prediction results of the
base forecasting models, the ensemble optimization process, and the explainability analysis of
the prediction results. Detailed data and figures are provided in Appendix A. The prediction
results of the base models on both the validation set and the test set show that each type of
model can contribute in its own advantageous scenarios, but the performance of the same
model varies across different markets. Comparing the prediction results of the validation set
and test set in Table A1, the error metrics of the base models on the two datasets are generally
consistent, indicating a reasonable sample split with small distributional deviation between
the validation and test sets, and the model performance exhibits good stability. However,
there are clear differences in the performance of different models across varieties. For example,
in the London Wheat market, the MAPE of LSTM and GRU can be as low as around 8%, while
in the Rough Rice market, their MAPE rises to 14–15% or even higher. Similarly, CNN and
RNN exhibit significantly larger errors in some varieties such as U.S. Corn and U.S. Soybean
but perform relatively well in others. These phenomena reflect that the same model performs
inconsistently across different markets. However, the multiple neural network architectures
constructed in this study enable each type of model to maximize its value in its advantageous
scenarios and capture effective predictive prices, though these effective predictions are still
dispersed among individual models.

The improvement in prediction accuracy is mainly attributed to the proposed MCE-
ORL ensemble optimization mechanism. This paper formalizes the goal of improving
prediction accuracy as a bi-objective Pareto optimization problem that minimizes both
prediction error and error variance. The evolution of the optimization process is shown
in Figure A2. It can be observed that the Pareto front gradually evolves toward regions
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with lower prediction errors during the optimization process. At the early stage of the
search, candidate solutions are widely distributed across the objective space, reflecting
extensive exploration of the weight search space. As the iterative optimization proceeds,
the Pareto front gradually stabilizes, indicating that the reinforcement learning-guided
chaotic evolutionary search effectively identifies improved ensemble weight combinations.
The parameter estimation results of the optimization algorithm and the weight allocations
of individual models are reported in Tables A2 and A3. The results show that the ensemble
model assigns a large proportion of weights to the top few models with better predictive
performance while still retaining a minimum weight allocation for the remaining models.
This is the key to the ensemble model improving prediction accuracy while maintaining
model robustness, and it is embedded in the model design from the beginning.

We further examine the sensitivity of the ensemble framework to the minimum weight
bound w—which forces each base model to retain a strictly positive weight. Using US Corn
as a representative commodity, we evaluate the ensemble performance under five alter-
native values: w ∈ {0.01, 0.03, 0.05, 0.08, 0.10}. As reported in Table A4, the validation
MAPE stays remarkably stable across the entire range, varying only from 1.821% to 1.861%,
with the best result obtained at w = 0.03. Even at the most restrictive setting (w = 0.10),
the ensemble still significantly outperforms the best individual model, whose validation
MAPE is about 6.0%. This indicates that imposing a mandatory minimum weight does not
introduce detrimental noise. Overall, these findings confirm that the proposed ensemble is
robust to the choice of w, and support the default choice of w = 0.03 as well justified.

At the same time, the dynamic weighting approach also reserves an interface for
explainability analysis: the interpretable analysis can effectively explain the prediction
results of the base forecasting model pool, and the results obtained under the same dynamic
weighting process do not substantially deviate from the original explanatory meaning.

To enhance the interpretability of the ensemble model, this study adopts two comple-
mentary XAI techniques: SHAP for global interpretation and LIME for local interpretation.
At the global level, SHAP quantifies the marginal contribution of each feature to the ensemble
predictions, thereby identifying the macro-financial drivers that persistently influence agri-
cultural futures prices. At the local level, LIME approximates the model’s decision boundary
around individual predictions to provide instance-level explanations, revealing how feature
contributions vary during periods of heightened volatility or geopolitical shocks.

The SHAP-based global feature importance analysis reveals several consistent patterns.
First, the ratio of the Federal Reserve policy rate to commodity prices (Fed_Rate_price_ratio)
emerges as the most universally influential predictor, ranking first for four commodities
(US Wheat, US Soybean Meal, CN Soybean Price B, and Rough Rice). This finding is eco-
nomically intuitive, as changes in the policy rate affect agricultural prices through exchange
rate channels, financing costs, and global demand. Second, the ratio of equity indices to
commodity prices, particularly Dow_Jones_price_ratio, exhibits strong predictive power
across most commodities, reflecting the wealth effect and portfolio rebalancing channels
from equity markets to commodity markets. Third, the heterogeneous ranking of features
across commodities—for instance, CSI_300_price_ratio ranks first for US Corn but is less
influential for other commodities—highlights the importance of incorporating cross-market
information in a multi-commodity forecasting framework. Fourth, the presence of inter-
action terms such as S&P_500_Fed_Rate_mult and Dow_Jones_GPR_Index_add among
the top features confirms that nonlinear interactions between macro-financial variables are
essential for accurate price forecasting. These patterns collectively validate the design of
our ensemble framework, which is capable of capturing both cross-market spillovers and
feature interactions that would be overlooked by single-market or linear models.
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The LIME-based local explanations complement the SHAP global analysis by reveal-
ing instance-specific feature contributions that would otherwise remain hidden at the
aggregate level. A comparison of the two approaches yields three important findings.
First, globally dominant features do not necessarily dominate at the local level: for ex-
ample, while Fed_Rate_price_ratio ranks first in the global SHAP analysis for US Wheat,
it ranks only fourth in the LIME explanation for a specific prediction instance, where
CSI_300_price_ratio emerges as the primary contributor with a negative marginal effect
(−0.020). This discrepancy indicates that global drivers are not uniformly influential across
all time points, and local explanations capture the context-dependent shifts essential for
understanding model behavior under specific market conditions. Second, the same macro-
financial factor can exert opposite effects on different commodities within the same local
context: Fed_Rate_price_ratio shows a positive contribution for US Wheat (0.017) but a neg-
ative contribution for London Wheat (−0.030), reflecting the heterogeneous transmission
of monetary policy across geographically distinct markets. Third, interaction terms such
as GPR+Fed and SPX*Fed appear more prominently in LIME explanations than in SHAP
global rankings, suggesting that the joint effects of geopolitical risk and monetary policy are
particularly pronounced during specific episodes. Taken together, SHAP and LIME form
a comprehensive interpretability framework: SHAP identifies stable, long-term drivers,
while LIME captures the time-varying and context-dependent nature of feature contribu-
tions, thereby providing complementary insights for both policymakers and traders. These
findings suggest that the improved prediction accuracy of the proposed ensemble model
is supported by economically meaningful financial factors rather than purely statistical
fitting, thereby enhancing the interpretability and credibility of the forecasting framework.
The SHAP visualization results are presented in Figure A3, and the corresponding LIME
explanation results are summarized in Tables A5 and A6.

4.3. Model Comparison

In the previous subsection, the ensemble model demonstrated substantial improve-
ments in prediction accuracy over single models under the condition that all neural net-
work models were trained uniformly. We further investigate the following question: if we
increase the training effort for the top-performing neural network models, how will the en-
semble model perform? To evaluate this question more intuitively, this subsection presents
a visual comparison of the actual price series, the best-performing single model with in-
creased training, and the proposed ensemble model across all commodities. The results are
reported in Figure 6.

The comparison results show that after increasing the training effort, the best single
model achieves significantly improved prediction accuracy and tracks price movements
reasonably well during most periods. However, during episodes of heightened volatility
or structural changes, its performance is noticeably inferior to that of the ensemble model.
Moreover, compared with the best single model, the ensemble model offers only limited
further improvements in prediction accuracy, with the gains mainly reflected in enhanced
robustness. This again reflects a trade-off among computational efficiency, prediction
accuracy, and model robustness—different market conditions and futures varieties require
us to make choices among these three objectives.

This pattern highlights the limited robustness of relying on a single model. In contrast,
the proposed model demonstrates better stability during volatile periods and consistently
produces predictions that are closer to the realized price series across different commodities.
This behavior reflects the advantage of the ensemble framework’s architectural design: dy-
namically reallocating weights to better-performing models while retaining complementary
information from the model pool.
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Overall, the results indicate that the forecasting gains of the ensemble model do
not arise from simple aggregation of different models, but from its ability to adaptively
integrate heterogeneous predictive signals under changing market conditions. Therefore,
the visual evidence provides strong support for the robustness and effectiveness of the
proposed ensemble approach.

Figure 6. Comparison of actual prices, the best single model, and the proposed ensemble model
across agricultural futures markets.
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5. Economic Value of Forecasts
5.1. Trading Strategy

To evaluate the economic value of the ensemble forecasting framework, this study
translates the model prediction results into trading decisions and assesses the effectiveness
of the ensemble forecasting framework by examining whether positive returns can be
achieved. The specific trading strategy is as follows. First, the expected return is calculated
based on the next-period price forecast generated by the ensemble model. Second, a long
or short position is taken depending on whether the expected return is positive or negative.
To avoid excessive trading triggered by insignificant or transient signals, we introduce two
additional parameters: w denotes the signal persistence threshold (i.e., a trading signal is
generated only when the same directional signal persists for at least w consecutive periods),
and θ denotes the signal strength threshold (i.e., a position is taken only when the absolute
value of the predicted return exceeds θ). Specifically, a long position is initiated when
the ensemble forecast predicts a positive return greater than θ for at least w consecutive
periods; conversely, a short position is initiated when the predicted return is negative
and its absolute value exceeds θ for at least w consecutive periods. These parameters are
optimized per commodity to account for cross-market heterogeneity.

5.2. Backtesting Results

This study implements a backtesting framework to validate the effectiveness of the
ensemble model on the test set data using the above trading strategy. To simulate a realistic
trading environment, transaction costs are incorporated into the backtesting. The trading
returns are shown in Figure 7. It can be observed that most commodities achieve positive
returns, verifying the effectiveness of the ensemble forecasting model. In addition, this
study adopts a passive trading strategy triggered by trade signals, and the frequency of
trading triggers varies across different commodities, reflecting the heterogeneity of different
futures varieties. A summary of trading performance, together with the corresponding
strategy parameters (w and θ), is reported in Table A7 in Appendix A. For highly volatile
commodities, specially designed trading strategies are needed. Although detailed trading
strategy design is not the focus of this paper, this study has demonstrated the significant
advantages of the ensemble forecasting model in prediction accuracy, and with more
sophisticated trading strategies, even greater trading returns may be expected.

Figure 7. Cumulative trading returns based on the ensemble forecasting signals.
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From a practical standpoint, the value of the proposed ensemble framework can
be corroborated through trading simulations. However, it should be clarified that these
simulations are employed solely to evaluate the effectiveness of the forecasts and do not
constitute the core contribution of this study, nor do they involve the design of sophisti-
cated trading strategies. Our primary aim is to assist market participants by providing
directional and trend-oriented judgments, as well as establishing connections between key
influencing factors and price movements, thereby helping traders anticipate potential price
directions when macroeconomic conditions change. Although trading-level discussions
are not the primary focus of this paper, the results nonetheless indicate that the ensemble
framework can serve as a decision-support tool that bridges predictive analytics with
practical commodity market operations.

5.3. Risk-Adjusted Performance

This paper calculates several risk-adjusted performance indicators, including the
Sharpe ratio and maximum drawdown, to demonstrate the robustness of the ensemble
model from the perspective of risk-adjusted returns. The results are shown in Figure 8.
It can be observed that the ensemble forecasting framework can capture profitable price
movements without excessive risk exposure, achieving good risk-adjusted performance
under changing market conditions across multiple commodities. Most markets generate
positive Sharpe ratios while maintaining relatively moderate drawdowns. Considering
that the test set faces new changes in market conditions, the ensemble model, having
learned coping strategies solely from historical information, can still respond effectively
to previously unseen information changes. This benefits from the design of dynamically
adjusting the adaptive weights of each model, which endows the ensemble model with
strong flexibility and enables it to adapt to complex and changing environments.

Figure 8. Risk-adjusted performance of the ensemble forecasting framework.

6. Robustness Checks
To further validate the robustness of the ensemble forecasting framework, this section

designs three robustness checks by modifying key components of the experimental setup.
First, equity market factors are removed from the feature set. Second, two relatively
complex neural network architectures, KAN-BiLSTM and Transformer-LSTM, are removed
from the benchmark forecasting model pool. Third, the sample split ratio is changed from
70%/15%/15% to 60%/20%/20%. The average forecasting performance of the ensemble
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model across all varieties is summarized in Table 3, and the detailed results for each variety
are reported in Table A8.

Table 3. Average forecasting performance under different robustness settings.

Setting MAPE (%) MAE RMSE

Baseline configuration 13.41 0.0351 0.0435
Without equity market factors 7.99 0.0237 0.0305
Reduced model pool 16.10 0.0473 0.0547
Alternative sample split (60/20/20) 27.58 0.0845 0.0939

First, after removing equity market factors, several forecasting performance met-
rics show significant improvement. Under this setting, the average MAPE decreases
from 13.41 to 7.99, MAE decreases from 0.0351 to 0.0237, and RMSE decreases
from 0.0435 to 0.0305. This indicates that equity market factors do not consistently im-
prove forecasting performance across all commodities.

Second, removing the two most complex models from the forecasting model pool,
namely KAN-BiLSTM and Transformer-LSTM, while keeping the remaining eight base
models unchanged, leads to a decline in the prediction accuracy of the ensemble fore-
casting model. The average MAPE increases from 13.41 to 16.10, and RMSE increases
from 0.0435 to 0.0547. This suggests that the diversity of the model pool plays a positive
role in improving the prediction accuracy of the ensemble model. Reducing the variety
of neural network structures weakens the ability of the ensemble model to capture price
dynamics under different market conditions. Therefore, it is advisable to increase model di-
versity as much as possible rather than simply stacking models, with greater attention paid
to the ability of different types of neural network models to capture dynamic information
under varying market conditions.

Third, the robustness test based on an alternative sample split evaluates the sensitivity
of the results to temporal partitioning. When the training set, validation set, and test set are
redefined as 60%/20%/20%, the average MAPE increases significantly from 13.41 under the
baseline setting to 27.58, with similar deterioration observed for MAE and RMSE. This result
indicates that forecasting performance is sensitive to the temporal allocation of estimation
and evaluation samples, which is consistent with the time-varying and nonstationary
nature of agricultural futures markets. The ensemble optimization model relies on learning
from historical price information. Increasing the test set proportion from 15% to 20%
essentially extends the time horizon of price predictions, causing the optimal responses to
market condition changes learned during training to fail to adapt promptly to new market
conditions. This reflects a limitation of the mechanical information update mechanism in
the ensemble model, namely that the code design does not dynamically update the price
series. In the future, if real-time price data can be integrated and the training set proportion
can be dynamically increased, the ensemble model will output more efficient prediction
information in real time, thereby significantly improving prediction accuracy.

Beyond the robustness checks described above, we also examine the forecasting perfor-
mance of the ensemble model under different market regimes and data frequencies. First,
to assess the impact of structural breaks, we split the full sample into three sub-periods:
pre-COVID (January 2018 to December 2019), COVID (January 2020 to December 2021),
and post-AI-boom (January 2022 to October 2025). As reported in Table A9, the ensemble
model achieves MAPE values of 8.79%, 14.79%, and 12.42% for the three periods, respec-
tively. The elevated MAPE during the COVID period reflects the extreme volatility that
challenged all forecasting methods, while the notable decline in the post-AI-boom period
underscores the particular value of the ensemble framework in complex market settings.
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For completeness, Table A9 also reports the corresponding MAE, RMSE, SMAPE, MdAPE,
MSE-MAPE, PATH_CORR, and R2 values across all three sub-periods. These metrics are
consistently aligned with the MAPE results, further confirming the predictive strength
of the model. Notably, R2 reaches 0.9632 in the post-AI-boom period, indicating that the
ensemble framework explains more than 96% of the price variance during this complex
market phase. Second, to verify the model’s adaptability to different sampling frequencies,
we repeat the experiment using weekly data (the last trading day of each week). The ensem-
ble model yields a MAPE of 13.49% on the weekly data, also reported in Table A9. These
results confirm that the framework remains effective when applied to lower-frequency data.

Overall, the robustness analysis provides several important insights. First, the reduced-
model experiment confirms the importance of maintaining a sufficiently diverse model
pool. Second, the alternative sample-split experiment shows that forecasting performance
depends on the length of the training period, reflecting the nonstationary characteristics of
commodity markets. Third, the feature-removal experiment suggests that the contribution
of cross-market variables is selective rather than universal. Fourth, the sub-period analysis
demonstrates that the ensemble framework remains robust across different market regimes,
with notable improvement during the post-AI-boom period despite challenges during the
COVID episode. Fifth, the weekly data experiment confirms that the framework is not sen-
sitive to data sampling frequency. Taken together, these results support the overall stability
of the proposed forecasting framework while highlighting the heterogeneous roles of input
features, model structures, sample configurations, market regimes, and data frequencies.

7. Conclusions
The ensemble optimization model proposed in this paper demonstrates superior

predictive performance compared with the best single model across most varieties and
achieves positive returns in trading backtesting. This can be attributed to the mechanism
design of the ensemble optimization model: the diversified benchmark forecasting model
pool can effectively absorb the informative factors screened through feature engineering,
and the ensemble optimization model can effectively extract effective predictive prices
from the base model prediction pool by dynamically assigning adaptive weights to various
models, thereby adapting to changes in different market conditions.

The explainability analysis bridges feature engineering with ensemble model predic-
tions, enabling the ensemble prediction results to be traced back to specific feature variables
and thus establishing a relatively complete explanatory chain between “how to integrate”
and “why to integrate in this way.” The robustness checks demonstrate the ability of the
diversified benchmark model pool to capture dynamic information under different market
conditions, and also reveal that if the ensemble model cannot update promptly for markets
with higher volatility, it will result in a significant loss of prediction accuracy. Furthermore,
the screening of informative factors is also crucial, as the impact of effective factors on
prediction accuracy may, in some cases, exceed that of the diversified benchmark model
pool and ensemble optimization.

At the initial stage of model design, no module for incorporating dynamic information
was included. This not only prevents the ensemble optimization model from updating
adaptive optimization weights in real time, but also limits the feature engineering module
to only constructing and screening initial features, thereby losing the ability to select
variables from a wider range of factor sources. This represents a feasible direction for
further improving prediction accuracy beyond the existing base model. Nevertheless,
this study demonstrates the strong robustness and predictive capability of the ensemble
optimization model.
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Overall, this study shows that an explainable and adaptively weighted ensemble
forecasting framework can provide an effective tool for forecasting agricultural futures
prices across multiple commodities. By integrating cross-market feature construction,
diversified neural network architectures, adaptive ensemble optimization, and interpretable
analysis within a unified framework, the proposed approach offers useful implications for
agricultural futures forecasting, trading, and risk management.
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MAPE Mean Absolute Percentage Error
MAE Mean Absolute Error
RMSE Root Mean Squared Error
SHAP Shapley Additive Explanations
LIME Local Interpretable Model-agnostic Explanations
GPR Geopolitical Risk Index
WTI West Texas Intermediate crude oil
VIX CBOE Volatility Index
CBOT Chicago Board of Trade
MI Mutual Information
XGBoost Extreme Gradient Boosting
GRU Gated Recurrent Unit
LSTM Long Short-Term Memory
RNN Recurrent Neural Network
CNN Convolutional Neural Network
BPNN Back Propagation Neural Network
KAN Kolmogorov–Arnold Network
BiLSTM Bidirectional Long Short-Term Memory
MCEORL Multi-objective Chaotic Evolution Optimization with Reinforcement Learning
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Appendix A. Additional Figures and Tables

Figure A1. Dataset partitioning for agricultural futures.
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Figure A2. Evolution of the Pareto front in the MCEORL ensemble optimization.
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Figure A3. SHAP-based feature importance analysis for agricultural commodities.

https://doi.org/10.3390/a19080660

https://doi.org/10.3390/a19080660


Algorithms 2026, 19, 660 30 of 33

Table A1. Top-3 base-model results by test-set MAPE across commodities.

Commodity Model
Test Validation

MAPE (%) MAE RMSE MAPE (%) MAE RMSE

L-Wht
LSTM 8.29 0.028 0.048 7.70 0.034 0.048
GRU 8.55 0.028 0.044 8.31 0.036 0.047
RNN 10.01 0.037 0.049 9.39 0.038 0.047

Rice
Trans–LSTM 12.05 0.055 0.069 27.21 0.186 0.196
LSTM 14.40 0.059 0.071 33.63 0.230 0.243
GRU 15.02 0.069 0.090 42.61 0.290 0.302

Corn
GRU 9.91 0.030 0.039 9.81 0.037 0.059
Trans 12.80 0.040 0.052 15.57 0.054 0.066
Trans–LSTM 16.09 0.054 0.069 21.08 0.084 0.111

US-Wht
GRU 6.18 0.020 0.025 13.33 0.060 0.083
Trans–LSTM 10.95 0.033 0.039 14.30 0.062 0.089
RNN 13.84 0.042 0.048 16.41 0.062 0.071

Soy
GRU 15.08 0.044 0.051 12.84 0.069 0.087
LSTM 16.57 0.048 0.056 39.58 0.207 0.221
Trans–LSTM 31.32 0.091 0.100 37.51 0.192 0.200

SBM
CNN–LSTM 27.74 0.047 0.059 55.69 0.277 0.297
LSTM 31.82 0.059 0.075 12.49 0.067 0.089
Trans 73.74 0.126 0.130 18.46 0.095 0.120

SBO
RNN 15.82 0.064 0.074 11.73 0.060 0.082
KAN-BL 24.60 0.087 0.112 16.89 0.077 0.092
LSTM 26.67 0.106 0.117 39.26 0.185 0.208

CN-SoyB
LSTM 9.02 0.029 0.038 10.24 0.059 0.082
Trans–LSTM 12.19 0.040 0.047 27.00 0.143 0.158
BPNN 12.30 0.041 0.051 41.61 0.230 0.267

Table A2. Parameter configuration of the MCEORL reinforcement learning and chaotic evolution
optimization algorithm.

Category Parameter Value

RL Learning rate 0.2
RL Discount factor 0.9
RL Exploration rate 0.2
RL Number of states 10
RL Number of actions 8
CEO Population size 30
CEO Maximum number of iterations 30
CEO Chaos parameter 3.9
CEO Diversity reward factor 5
CEO Improvement reward factor 20

Table A3. Top-weighted forecasting models and ensemble weight allocation across commodities.

Commodity Top-3 Models W1 (%) W2 (%) W3 (%) Others (%)

L-Wht RNN, CNN, GRU 56.69 15.58 15.53 12.20
Rice BPNN, Att–LSTM, KAN–BL 52.22 38.52 8.55 0.71
Corn Att–LSTM, Trans, KAN–BL 34.87 32.63 26.22 6.28
US-Wht BPNN, Trans, Trans–LSTM 25.02 23.24 19.44 32.30
US-Soy GRU, KAN–BL, Att–LSTM 41.68 37.51 11.46 9.35
SBM KAN–BL, LSTM, GRU 36.26 32.27 23.18 8.29
SBO RNN, Att–LSTM, CNN 41.29 24.44 14.89 19.38
CN-SoyB KAN–BL, Trans–LSTM, GRU 22.37 20.64 16.52 40.47
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Table A4. Sensitivity analysis of the minimum weight bound w on US Corn validation performance.

w Validation MAPE (%) Path Correlation Drift Ratio

0.01 1.826 0.972 0.0068
0.03 1.821 0.971 0.0102
0.05 1.824 0.972 0.0068
0.08 1.855 0.971 0.0068
0.10 1.861 0.972 0.0068

Table A5. LIME local feature contribution results across commodities (Part A).

Commodity F1 F2 F3 F4 F5 F6

L-Wht Fed/pr (−0.030) DJ/pr (−0.029) GPR + Fed (0.012) SPX–Fed CSI300/pr (−0.069) SPX×Fed
Rice DJ + GPR Fed/pr (−0.060) DJ/pr (−0.067) CSI300/pr (0.019) SPX/w4mean SPX×Fed
Corn SPX/w4max SPX/w4mean DJ/pr (−0.034) Fed/pr (0.028) SPX×Fed CSI300/pr (−0.020)
US-Wht SPX/w4min (−0.010) DJ/pr SPX/w4max Fed/pr (0.017) CSI300/pr (0.013) SPX×Fed

Table A6. LIME local feature contribution results across commodities (Part B).

Commodity F1 F2 F3 F4 F5 F6

US-Soy SPX/w4min (−0.010) DJ/pr DX/pr (−0.034) SPX/w4max Fed/pr (0.035) DJ×Fed
SBM SPX/w4mean DJ/pr (0.011) DX/pr (−0.017) Fed/pr (−0.024) SPX/pr (0.010) SPX/w4min
SBO DJ/pr SPX/w4mean DJ/w4max DX/pr Fed/pr (0.057) SPX/w4min
CN-SoyB SPX/w4mean DJ/pr (−0.033) DX/pr (0.034) SPX/w4min Fed/pr DJ/w4max

Table A7. Summary of trading performance and strategy parameters across commodities.

Commodity w θ Total Trades Win Rate (%) Avg. Return (%)

London wheat 4 0.0010 16 43.75 98.17
Rough rice 7 0.0159 1 100.00 526.72
US corn 10 0.0173 2 100.00 401.24
US soybean price 8 0.0105 3 100.00 327.43
US soybean meal 14 0.0146 9 44.44 -29.44
US soybean oil 2 0.0186 3 66.67 790.53
CN soybean price B 11 0.0010 8 37.50 61.69

Table A8. Robustness-check results grouped by commodity.

Commodity Setting MAPE (%) MAE RMSE

L-Wht

Baseline 5.85 0.0212 0.0363
No equity factors 8.90 0.0297 0.0415
Reduced model pool 7.05 0.0249 0.0359
Alternative split (60/20/20) 14.23 0.0541 0.0679

Rice

Baseline 17.91 0.0720 0.0790
No equity factors 8.94 0.0353 0.0433
Reduced model pool 31.25 0.1295 0.1371
Alternative split (60/20/20) 44.82 0.1755 0.1932

Corn

Baseline 7.56 0.0239 0.0299
No equity factors 8.51 0.0265 0.0350
Reduced model pool 13.42 0.0421 0.0480
Alternative split (60/20/20) 17.68 0.0555 0.0631

US-Wht

Baseline 8.92 0.0274 0.0331
No equity factors 7.02 0.0216 0.0274
Reduced model pool 7.76 0.0240 0.0300
Alternative split (60/20/20) 34.71 0.1087 0.1139
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Table A8. Cont.

Commodity Setting MAPE (%) MAE RMSE

US-Soy

Baseline 9.23 0.0270 0.0319
No equity factors 4.40 0.0128 0.0163
Reduced model pool 7.85 0.0228 0.0283
Alternative split (60/20/20) 10.86 0.0330 0.0376

SBM

Baseline 47.72 0.0744 0.0932
No equity factors 16.02 0.0285 0.0355
Reduced model pool 40.78 0.0637 0.0787
Alternative split (60/20/20) 56.48 0.0976 0.1148

SBO

Baseline 4.22 0.0158 0.0205
No equity factors 5.60 0.0205 0.0252
Reduced model pool 5.27 0.0201 0.0251
Alternative split (60/20/20) 34.65 0.1262 0.1283

CN-SoyB

Baseline 5.83 0.0193 0.0240
No equity factors 4.56 0.0150 0.0198
Reduced model pool 15.41 0.0510 0.0548
Alternative split (60/20/20) 7.20 0.0258 0.0325

Table A9. Robustness checks: sub-period and weekly data performance (US Corn).

Setting N MSE RMSE MAE MAPE SMAPE MdAPE MSE-MAPE Corr R2

pre-COVID (2018–2019) 521 1246.03 35.30 33.33 8.79 9.24 8.74 85.08 0.8555 0.7319
COVID (2020–2021) 523 5890.57 76.75 60.85 14.79 16.93 9.37 375.69 0.9285 0.8620
post-AI-boom (2022–2025) 978 9068.80 95.23 75.50 12.42 13.59 11.03 211.11 0.9815 0.9632
Weekly data 405 8312.73 91.17 71.55 13.49 14.84 13.23 242.41 0.9296 0.8642
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