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Abstract: For a substantial period of time, a large number of market players have given price projections for the main agricultural
commodities a high degree of significance. In this research, we look at the daily published price of corn in order to address the issue.
The sample under analysis runs across a period of more than 10 years, from January 2, 2014, to April 10, 2024. The price series
under investigation has significant effects on the business sector. In particular, Gaussian process regression models are created for this
situation by using Bayesian optimization techniques and cross-validation (CV) methods. As a consequence, the circumstance leads to
the development of methodologies that are used for price forecasting. Our empirical forecasting technique produces relatively accurate
price projections for the out-of-sample assessment period, which runs from April 6, 2022, to April 10, 2024. For the price of corn,
the relative root mean square error was found to be 1.8537%. Because price forecasting models are readily available, investors and

governments may make informed decisions about the corn market as they have access to the necessary information.
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1. Introduction

Projections of price time series of major agricultural com-
modities remain a major concern for the business and government
sectors for the time being [1]. It will be necessary to obtain esti-
mates of the price time series of certain commodities, like corn,
in order to facilitate the construction of informed strategies and
reduce the level of uncertainty that now exists [2]. This is due to
the fact that many countries and areas mostly depend on agri-
cultural products to meet their strategic objectives. For the vast
majority of businesses involved in the commodities markets, being
able to get information about price expectations is essential to
making informed decisions [3]. One facet of this is the ability
of predictive analytics to provide valuable insights into potential
future pricing strategies that commodities processors may choose
to use [4]. Price estimates may be used to provide trade partners
with pricing information, assisting them in selecting the terms
of the contract [5]. Participants in the cash and futures markets,
including traders and investors, may benefit from the use of pre-
dictive data [6]. As shown by the conclusions of risk analysts,
forecast data are a crucial part of effective risk management strate-
gies [7]. A large and sustained shift in commodity prices [8] might
have a substantial impact on society’s general well-being and pro-
ductivity [9]. It seems that little incentive is needed to understand
the significance of time series projections for commodity prices,
especially for corn [10].

In the published papers, a variety of time series strategies for
predicting price series of various commodities were studied and
assessed in order to achieve this goal [11]. The creation of vector
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autoregressive (VAR) models, autoregressive integrated moving
average (ARIMA) models, and price series forecasting methods
akin to vector error correction models (VECMs) was largely the
result of earlier research. While several approaches provide further
customizations and improvements [12-14], the majority of these
procedures may be more challenging. Forecasting has been made
possible since its creation by the univariate ARIMA model, which
makes use of historical data obtained from previously gathered
values. In terms of prediction information sets, VAR approaches
outperform ARIMA models with respect to the relationships
between several integrated economic components. VECM models
perform better than VAR models in illuminating the long-term
relationships between a number of economic parameters. To this
end, the model incorporates the notion of cointegration explic-
itly. Stated differently, a major driving force for the creation
of the VECM was the inclusion of projections for the furthest
future.

The various technical breakthroughs over the previous many
years have enabled us to have access to far more formidable pro-
cessing power than we did even a few years ago [15]. In line
with this trend, the domains of finance and economics are paying
more attention to artificial intelligence (AI) and machine learn-
ing (ML) technologies [16, 17]. Moreover, recent research has
shown the significant potential for anticipating trends in time
series of commodity prices via the use of ML and Al approaches
[18, 19]. Using the agriculture industry sector as an example, these
ML-based price forecast exercises have covered corn, soybeans,
cotton, wheat, canola, oats, soybean oil, coffee, and sugar [20-27].
In relation to the energy sector, these ML-based price prediction
exercises have considered crudeoil, electricity, energy securities,
heating oil, coal, carbon emission allowances, and natural gas
[28-31]. Concerning the metals sector, these ML-based price
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forecast studies have explored palladium, platinum, steel, silver,
lead, copper, and gold [32-37]. Previous studies, as reported in
the literature, indicate that academics frequently employ neu-
ral networks as modeling tools for tackling issues pertaining to
commodity price projections. Even though we only looked at a
limited sample size, our results generally support previous studies
showing the advantages of using AI/ML approaches in financial
and economic forecasting. Past research on the price forecasts
generated by Gaussian process regressions (GPRs) employing
time-series data gathered for various commodities, such as corn
prices, has not been sufficiently conducted. In the present work,
an attempt is made to tackle this prediction challenge.

Neal [38] created a novel regression technique by combin-
ing the construction of neural networks with Bayesian learning.
This approach is mostly focused on using priors to analyze noisy
data over Gaussian processes (GP). There is evidence that certain
Bayesian regression approaches that are based on neural networks
have a tendency to converge to GP in the domain of infinite
network borders [38]. An illustration of how to use GPRs in sit-
uations that are both chaotic and noise-free [39] is provided by
this modeling technique. A demonstration of how Bayesian learn-
ing may be used in the context of stationary time-series data is
carried out by Brahim-Belhouari and Vesin [40] via the utiliza-
tion of a study of the performance of radial basis function neural
networks with GP. It is essential that a broad range of distinct
covariance functions be used in this study in light of the find-
ings of the research conducted by Brahim-Belhouari and Bermak
[41]. The use of GP approaches may eventually prove to be quite
helpful in the process of producing predictions from time series
that already exhibit nonstationary patterns. Based on the research
results that Brahim-Belhouari and Bermak [41] conducted, there
is a high likelihood that GPR techniques will provide better results
than radial basis function neural networks. Furthermore, the GP
formulations have the benefit of using the precise matrix opera-
tions needed for the integration of the prior and noise models [41].
Model-averaging approaches that are similar to the GP predictors
used by Brahim-Belhouari and Bermak [41] in their multi-model
predictions would be applied to our situation.

The approaches connected to predictions that were developed
in conjunction with this investigation were based on the GPRs.
We use the information gathered between January 2, 2014, and
April 10, 2024, to examine the corn prices’ daily time series. We
integrate the model estimation and training processes, using these
techniques in the framework of CV and Bayesian optimization
techniques [42]. For the out-of-sample period from April 6, 2022,
to April 10, 2024, the models under examination show a good
degree of projected accuracy, with a relative root mean square
error (RRMSE) of 1.8537%. The empirical data may be used to
provide technical predictions for relevant policy research, either
by itself or in combination with other expected results. Other eco-
nomic sectors dealing with comparable prediction challenges may
find similar forecasting tools useful. In general, our work demon-
strates the systematic configuration and evaluation of the GPR
method for forecasting daily corn prices. The value of the study
lies in combining the selection of kernels and basis functions with
Bayesian optimization, CV, and forecast evaluation using a long
time series.

Based on the identified research gaps and the promising
but underexplored potential of GPRs in commodity price fore-
casting, the present study is guided by three primary research
questions. First, can GPR models, utilizing a 10-day lag struc-
ture, generate accurate one-day-ahead out-of-sample forecasts for
daily corn prices? Second, how does the choice of covariance
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function and basis function within the GPR framework impact
forecast accuracy for this particular price series? Third, what is
the quantifiable level of predictive accuracy, as measured by the
RRMSE, that can be achieved by GPR models in this con-
text? Furthermore, the assertion of novelty in this work is not
predicated on the mere application of GPR but on the rigorous
and systematic justification for its use as a potentially superior
tool for this specific forecasting problem. While numerous ML
models, such as neural networks and support vector machines,
have been applied to commodity price forecasting, they are often
treated as “black boxes,” and their performance can be sensi-
tive to hyperparameter tuning and the risk of overfitting. In
contrast, GPR offers a principled, Bayesian framework that pro-
vides price forecasts of high accuracy, which are invaluable for
quantifying volatile market data. The nature of GPR enables
policymakers and market participants to make more robust, risk-
aware decisions. This is a significant advantage over many other
deterministic ML models that are often employed. Moreover, the
flexibility of GPRs, achieved through the selection of various
covariance (kernel) functions, provides a powerful mechanism to
model the complex, nonlinear patterns that are characteristic of
agricultural price time series. As the Brock—Dechert-Scheinkman
(BDS) test [43] in this study confirms the presence of nonlin-
earities in the corn price data, the ability of GPR to flexibly
model such structures through its kernel is a key advantage.
Unlike some other ML methods that may require extensive feature
engineering, GPRs can capture complex dependencies directly
through the kernel function, which can be tailored to the under-
lying data patterns. This is a more elegant and data-efficient
approach compared to the arbitrary architectures of deep learn-
ing (DL) models. While DL models have demonstrated success,
they typically require vast amounts of data and can be computa-
tionally demanding, which may not be available or feasible for all
time-series forecasting tasks. GPR, by contrast, is a nonparamet-
ric model that becomes more expressive as data increases while
maintaining its interpretation. The Bayesian nature of GPR also
inherently provides a form of regularization, mitigating overfitting
and enhancing generalization to unseen data, a property partic-
ularly advantageous for out-of-sample forecasting. Therefore, the
novelty of this research lies in the comprehensive evaluation of
GPR for corn price forecasting, employing a systematic approach
to kernel and basis function selection within a rigorous CV and
Bayesian optimization framework. This represents a significant
and methodologically sound step toward establishing GPR as a
dependable, interpretable, and highly accurate tool for agricultural
commodity price prediction, addressing the limitations of previ-
ous models and setting a new benchmark for future work in this
domain.

The remainder of this paper is organized as follows. Section 2
provides a review of the relevant literature, covering both tra-
ditional econometric approaches—such as ARIMA, VAR, and
VECM models—and recent ML applications for commodity
price forecasting, thereby situating our proposed GPR frame-
work within the existing body of knowledge. Section 3 describes
the daily corn price dataset utilized in this study, presents
summary statistics and distributional properties, and reports
the results of the BDS nonlinearity test, which motivates the
adoption of a flexible nonlinear modeling approach. Section 4
details the methodological framework, including the specifi-
cation of GPRs, the alternative isotropic and nonisotropic
kernel functions and basis functions under consideration, the
Bayesian optimization and CV procedures used for model
training and parameter selection, and the forecast evaluation



FinTech and Sustainable Innovation Vol. 00 Iss. 00

2026

metrics employed. Section 5 presents the empirical results, encom-
passing the optimal model selection, out-of-sample forecast
performance, comparative benchmark analysis against autoregres-
sive, support vector regression (SVR), and regression tree (RT)
models, and a discussion of the economic implications and inter-
pretability of the findings. Finally, Section 6 concludes the paper
by summarizing the key contributions, acknowledging the limita-
tions of the current univariate framework, and offering directions
for future research, particularly the extension to multivariate pre-
dictors that incorporate macroeconomic, energy, and weather
variables.

2. Literature Review

For a variety of businesses that rely on commodities,
economists have had to devote a great deal of time and effort
to overcoming the difficulty of developing accurate and depend-
able commodity price forecasts [44]. For example, despite their
widespread usage in earlier research, ARIMA models remain in
great demand for a variety of prediction tasks, such as price
data extraction from time series databases. For example, Lv and
Wu [45] built a seasonal ARIMA model for predicting corn
futures contracts’ settlement prices for Dalian Commodity
Exchange and found that the Seasonal Autoregressive Integrated
Moving Average (SARIMA) (2, 1, 0)(3, 1, 1)12 structure leads
to decent prediction accuracy. Similarly, Satapathy et al. [46]
constructed the ARIMA(3, 1, 2) model for corn price forecasts
for Nabarangur District of Odisha and found that this model
results in a good level of forecast accuracy. The VAR technique
is an econometric tool that is frequently employed for price series
forecasts. It utilizes the relationships that exist between signifi-
cant economic aspects. For instance, Pierre and Kaminski [47]
utilized a global VAR model in analyzing price shock propaga-
tion across 27 domestic corn markets of sub-Saharan Africa and
found that the majority of price time series are more responsive
to those of regional neighbors rather than global shocks, suggest-
ing that it could be helpful to improve price forecast accuracy by
effectively exploring local price information. de Albuquerquemello
et al. [48] considered corn price forecasting issues based upon
threshold autoregressive models and concluded that these models
could help the incorporation of transition regimes and poten-
tial nonlinearities. Cointegration enables long-term correlations
or linkages between several economic variables to be included in
VAR-based models, often referred to as VECMs. This might have
a major effect on many price time series’ long-term estimates.
For example, Guo and Tanaka [49] applied the VECM with the
Generalized Autoregressive Conditional Heteroskedasticity-Baba,
Engle, Kraft, and Kroner (BEKK-GARCH) and Generalized
Autoregressive Conditional Heteroskedasticity-Dynamic Condi-
tional Correlation (DCC-GARCH) specifications to investigate
price dynamics between global and US prices of corn, soybeans,
and wheat and determined that global prices of corn and wheat
lead those of the USA, shedding light on price predictive infor-
mation running from the global to US market. Jyothi Shiva
Kumar and Kotreshwar [50] assessed the Indian corn spot and
futures prices through the VECM and found that the predictive
information runs unidirectionally from the futures to the spot
market.

The number of studies on the use of ML approaches to com-
modity price forecasting that have been carried out in recent years
seems to have increased [51]. For instance, Singh and Sindhu [52]
built an RT model for forecasting corn prices. Mayabi [53] found

that the neural network model could also generate decent corn
price forecasts. Teste et al. [54] used satellite data with variable
dimensions reduced for predicting corn prices and yields through
the construction of the convolutional neural network (CNN)
model. Jain et al. [55] assessed the importance of data quality
when forecasting corn and tomato prices through the use of the
long short-term memory (LSTM) neural network model. Sanusi
et al. [56] compared the ARIMA and LSTM models for fore-
casting prices of several agricultural commodities, such as corn,
wheat, and beans, and determined that the optimal model in terms
of forecast accuracy depends on the specific price series and com-
modity under consideration. Choudhary et al. [57] combined the
variational mode decomposition with the time delay neural net-
work model for forecasting prices of corn, soybeans, and palm
oil and found that the hybrid strategy could help improve forecast
accuracy. Wu et al. [58] proposed a hybrid interpretable frame-
work constituted of the ensemble empirical mode decomposition,
CNN model, adaptive differential evolution with optional exter-
nal archiving, and temporal fusion transformers for effectively
forecasting corn prices by utilizing online data. Murugesan and
Radha [59] propose a hybrid ensemble model for crop price pre-
diction, combining the ARIMA statistical model with the SVR.
The methodology is implemented in three distinct configurations:
The first one applies SVR to ARIMA residuals, summing the
results with ARIMA predictions; the second one uses ARIMA’s
forecasted values as an additional input feature to SVR; and the
third one incorporates both the forecasted values and residuals
from ARIMA as inputs to SVR, with the final prediction being
the sum of SVR’s forecasted value and residual. The models were
trained and tested on a 10-year coconut price dataset from Tamil
Nadu, India, with 80% training and 20% testing splits. The key
findings reveal that the third configuration outperforms the oth-
ers, achieving the lowest prediction errors (mean absolute error
(MAE) = 1.938, root mean square error (RMSE) = 2.395) and
a deviation of 13.37% from actual observations, compared to
14.68% and 16.48% for the first and second configurations. How-
ever, potential gaps remain: The ARIMA foundation imposes a
stationarity prerequisite, rendering the framework vulnerable to
abrupt market shocks, policy interventions, or seasonal anoma-
lies that violate assumptions. Moreover, the architecture demands
extensive optimization for SVR, possibly hampering cross-market
generalizability. GPR offers a compelling alternative to circum-
vent these constraints by leveraging custom composite kernels that
explicitly encode covariates directly into the covariance structure,
thereby circumventing ARIMA’s rigid stationarity requirements.
Unlike SVR’s isolated tuning, GPR’s Bayesian nonparametric
learning adapts its complexity to the available samples, facilitating
smoother modeling and enabling efficient parameter estimates,
which alleviates the small-sample and generalizability bottlenecks
without necessitating exhaustive manual recalibration for each
new market scenario. For the purpose of addressing the prob-
lem that is associated with corn price forecasting, the goal of
this research project is to construct GPR models and employ the
constructed models for performing forecasting exercises. When it
comes to acquiring knowledge of the cost of agricultural com-
modities, the price of corn is an essential component that is
important for both policymakers and market participants to
consider. Furthermore, the degree to which the price of corn
affects the economy is significant. For the goal of aiding decision-
making and the study of price patterns, these models need to
produce results that are reliable and accurate on the basis of their
predictions.
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3. Data

In this specific inquiry, Figure 1 displays the price of corn on
a daily basis for the period from January 2, 2014, to April 10, 2024,
which is sourced from Macrotrends!. There are no data reported
for weekends or non-trading days. The sourced data do not con-
tain missing or duplicate observations. The prices presented are
futures prices, all referencing front-month contracts. They are
adjusted using a calendar-weighted method, rolling contracts on
the first of each month to build a continuous price history. This
calendar-weighted approach achieves a smooth handoff from one
contract to the next by employing blended or weighted-average
combined prices over a predetermined transition window cen-
tered on the roll date. The technique serves as a compromise
between the forward Panama Canal method and the backward
Panama Canal method. Using the first day of the month as the
roll date and calendar-weighted rolling as the adjustment rule
makes the process fully deterministic, predictable, and seamless,
without contaminating the economic content of the price his-
tory, so the resulting series is well-suited for economic forecasting.
Corn prices are measured in dollars per bushel. Another thing to
keep in mind is that the first price differences are shown in this
chart. Furthermore, Figure 1 presents 50-bin histograms, kernel
estimates, and quantile-quantile plots for the prices and first dif-
ferences. An overview of the price data’s time series is shown in
Table 1. It is evident from the findings of the Jarque—Bera and
Anderson—Darling tests that the prices do not correspond to a
normal distribution. Considering the features of many financial
and economic series, this outcome wouldn’t be surprising. The
right skewness and leptokurtic structure of the price time series
could be identified.

The appearance of nonlinear features in a variety of time
series related to the financial and economic realms has been
the subject of extensive research. The daily corn price data are

Uhttps://www.macrotrends.net/2532/corn-prices-historical-chart-data

subjected to the BDS [43] test analysis to look for any poten-
tial nonlinearities. It will be necessary to apply the e distance in
addition to the embedding dimensions, which vary from 2 to 10,
in order to conclude this inquiry. The standard deviation of the
prices will be multiplied by the € distance, which may be rep-
resented by the following numbers—0.5, 1.0, 1.5, 2.0, 2.5, and
3.0—to get the distances that separate the various data points. All
test results showed the p-value to be extremely close to zero. It
is important to note that these data support the hypothesis that
there are nonlinearities in the price series. In this study, prices
were estimated by using GPRs, which took into consideration the
nonlinear aspects of the data.

As historical prices are used as predictors in our work,
the data processing involves generating lagged variables, aligning
dates, removing necessary initial observations after the lags were
created, and dividing the series into training and testing periods.

4. Method
4.1. GPR

The primary instrument used in the prediction techniques in
this study is Gaussian process regressions, or GPRs. GPR is a kind
of probabilistic kernel structure that finds use in several scientific
domains and may be utilized to forecast different nonlinear events.
The equation {(xj, yy); i = 1,2, ..., T} is used by the model in
order to accurately represent the unknown distribution in relation
to the training data. By using the equations y; € Rand x; € R,
respectively, the target variable and the d-dimension predictor are
expressed. For this scenario, the 10-lag prices will serve as the
prediction components. Stated differently, the eleventh day’s price
would be predicted using the prices from the preceding 10 days.
We experimented with several alternative numbers of price lags as
predictors, including 5, 15, and 20 days, roughly corresponding to
one week, three weeks, and one month. We found that using fewer
lags (i.e., 5) speeds up model training and forecasting but comes

Figure 1
Daily corn prices from January 2, 2014, to April 10, 2024: plots of price time series and distributions
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Table 1
Summary statistics of daily corn prices from January 2, 2014 to April 10, 2024
Ist Sth Standard 95th 99th Max- Jar- Ander-
Series Minimum  percentile  percentile Mean Median  deviation  percentile  percentile imum Skewness Kurtosis  que-Bera son-Darling
Price 3.064500 3.178370 3.319750  4.477344  3.867000 1.210883  6.850000 7.833550  8.157500 1.195282 3.269372  <0.001 <0.0005
First differences ~ —1.087500  -0.222500 —0.107500  0.000053  0.002000  0.077938  0.110000 0.206075  0.437500  —1.902115  28.670905  <0.001 <0.0005

at the cost of lower accuracy. Conversely, using more lags (i.e., 15
or 20) slows down both training and forecasting, yet it also results
in reduced accuracy.

4.2. Kernel and basis function

These formulae, denoted y = x78 + & and e~N(O,
a?), respectively, indicate the linear regression and the error.
However, basis functions and latent variables offer target vari-
able estimations for GPRs. Basis functions are denoted with
b, while latent variables satisfying the joint Gaussian criteria
are denoted with /(x;). The target variable’s smoothness may
be assessed using the covariance functions of the latent vari-
ables. It is possible to use basis functions to map the predictors
to feature space. The variance and mean metrics are often
employed to create GP, which are represented by the notation
GPS. m(x) = E(I(x)) should be used to display the mean, while
k(x, x") = Cov [l(x), /(x")] may be used to display covari-
ance. Using the y = b(x)T + I(x) formula, one may express
GPRs, where b (x) € R? and /(x) ~ GP (0,k (x,x')). Using the
k (x, x |6) hyperparameter is a useful way to make sure that the
numerical value of 6 is produced accurately. GPR training often
makes use of estimates for 8, 2, and 6. Throughout training, the
model obtains the required kernels (k) and basis functions (b).
This study is mostly concerned with isotropic and nonisotropic
kernels. For these two kinds of kernels, we look at five distinct ker-
nel configurations. Equations (1) through (10) provide a thorough
explanation of every single kernel that was examined throughout
this inquiry. a, a positive number, represents the scale-mixture
parameter. Isotropic kernel characteristic length scales are rep-
resented by the metric ;. The standard deviation of the signal

is represented by the metric o, and r =, /(x; — x)(x; — x)).

According to 0 =(0,,6,) = (logo;,logoy), there is a guar-
antee that o, and o; will be greater than zero. One may
denote the length scale of a nonisotropic kernel using the
notation o,, (m = 1, 2, ..., d). Taking this into account,
0 =(61,6,,...,0441) = (log 0y, log 03,...., log gy, log o) wo-
uld reflect 6.

.
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Equations (11)—(14) display the four distinct basis functions, which
are the focus of this investigation. The study of these functions is
comparable to the scenario in which several kernels are taken into
account. With reference to the four basis functions that are being

22 2
X1 xid
) _ C o | XA XA x
examined, X = (x, X5, ..., X,), X*=|"21 "2 2d | and
2 2 2
i X X Y
B = (b(x1), b(x), ..., b(x,)).
Empty : B = Empty Matrix (11)
Constant : B =1, (12)
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Linear : B =[1,X] (13)
Pure QuadraticL B = [1,X, X?] (14)

4.3. Bayesian optimization

The expected improvement per second plus (EIPSP) method
and ten-fold (here the name of ten-fold is used to correspond
to the 10 sub-models developed and reported in Table 2 in
Section 5) CV procedures are used in Bayesian optimiza-
tions in order to determine the parameters of the model.
During the training phase (January 02, 2014-April 5, 2022),
11 sequential non-overlapping time blocks are created fol-
lowing the ordering of time (i.e., sequential time blocks).
There is no overlap across these different folds. More specif-
ically, to ensure strict chronological integrity during model
selection and hyperparameter tuning, we implemented a
forward-expanding window CV scheme within the training
phase. The training period was partitioned into 11 sequen-
tial, non-overlapping time blocks of equal size, denoted By,
By, ..., By, sorted from earliest to latest. In this CV
procedure, for each fold fd =1, ..., 10, the training sample com-
prises the concatenated blocks Bl U B2 U ... U Bfd, and the
validation sample is the immediately subsequent block Bgy4;. This
design guarantees that in every fold, all training observations
chronologically precede all validation observations. The out-of-
sample period ranges from April 6, 2022, to ending on April 10,
2024, which has no overlap with the training phase. There is no
information leakage from future periods. We will utilize a GP
model that uses the notation f{x) to help offer some understand-
ing of the situation. Following the random selection of the data
points that fall within the variable boundaries, or xi’s, Bayesian
methods are used to evaluate the associated y; = f(x;). In this
case, the initial assessment would make use of the value of Ng =
4. The procedure will continue gathering data points in the event
that an assessment includes faults until N, examples of success-
ful assessments are located. Then, in order to put the strategy
into action, the next two phases will be completed. A posterior
distribution over Q(f|x;, y; for i = 1, ..., T) may be gener-
ated by utilizing the updates of the function f{(x). The primary
objective of the second phase, which aims to minimize the acqui-
sition function—a(x), is to locate a new data point, denoted by
x. a(x) is one instrument that may be used to find the amount

that x is absorbed into Q. Instead of concentrating on any value
that may raise it, the expected improvement acquisition functions
would work to enhance the target function. The posterior mean
generated at X, is said to be the lowest that may be attained.
Ho(Xpes;) TEpresents the value linking with X, which is the low-
est. El(x, Q) = Eg[max(0, ug(xpest) — f(x))] might be used to
represent the expected improvement, or EI. The acquisition func-
tions of Bayesian processes may use time-weighting algorithms
to maximize the benefits for each time unit, since the target
assessment time changes based on the location. As optimiza-
tion methods develop, one may use Bayesian models to calculate
the goals’ assessment time as a function of x. The EI per sec-
ond, or EIPS, of the acquisition functions could be indicated
by the value EIPS(x) = EIQ(x)/uS(x). In terms of the extra-
time GP, u,(x) stands for the posterior mean. As a result, these
behavioral adjustments stop acquisition functions from enforc-
ing local minimums or working on certain target regions. The
Gé(x) = oF(x)? + 6 PN? requirement for additive noises would be
satisfied by the posterior standard deviation. The standard devi-
ation of the posterior goal with respect to x is denoted by o (x).
The formula for the exploration ratio is t;py > 0 . At the end of
each cycle, the acquisition function applies the E/PSP approach
to confirm that the given data point, x, fits the o(x) < topy gpy
condition. The kernel function expands by the number of iter-
ations when this condition is met, indicating that x is being
overexploited [60]. The value of oy may significantly increase as
data points migrate across observations when the EIPSP method
is used. This suggests that the newly fitted kernel has to be used to
produce a new data point. In the event that the subsequent experi-
ment demonstrates that 6 is exploitative, it will increase by a factor
of 10. Using this method, finding an x that is not overexploited
could be done up to five times. Finally, the updated x that will be
the next exploration ratio is produced using the EIPSP technique.
To get a more precise result, the algorithm makes advantage
of both previously analyzed data points and later gathered data
points located nearby. When doing Bayesian optimization, it is
essential to assess the situation of basis functions, o, kernels, and
predictor standardization.

4.4. Performance measurement

The RRMSE is a frequently used statistic for assessing pre-
diction accuracy. This error measure is often used to assess how

Table 2
Model parameter estimates
CVI cv2 cv3 CV4 CVs CV6 [ Cvs Cv9 CV10
o 0.07735029332  0.07764086533 0.07679349742  0.07888140298  0.07240269964  0.07897881128  0.07157340188 0.07943484426  0.07518596640  0.07731925256
Bo  0.01045898424  0.00776902856  0.00684509252  0.00815390161 0.00537823456  0.01443527679  —0.00377609120  0.01466921558  —0.00036040910  0.01370607332
B 0.01694820168  —0.00270499388  0.01537396094  0.03635696524  0.04375367101 0.02752426932  —0.01243070186  0.00743690413 0.03698506722  0.04433079509
B, —0.08923356800 —0.09902650395 —0.08128417363 —0.12819123478 —0.10239598737 —0.12324307465 -0.04764126045 —0.10169800164 —0.11670056364 —0.14986945895
B3 0.09657445238 0.13975074122  0.07070085033 0.10119081493  0.06322701974  0.10367019227  0.04299554012  0.07901835241 0.09152349959  0.13726538459
By 002393355044 —0.00341242019 005436943116  0.01078920533  0.03146204083  0.03219309671  0.05988809047  0.06202518112  0.03806335086  —0.01420909223
Bs 0.01739086635  0.03616405773 —0.02184277378 007806178278  0.00928153587 005204998976  0.00889670331  0.00901646402 —0.01537996508 003815550964
Bs —0.02138169691 —0.04028966769 000187987202 —0.06223761249  0.00752683385 —0.05284188007 —0.00266261878 —0.01399734164 —0.00609944087 —0.02197603721
B; -0.17270139763 —0.13094114880 —0.14491386558 —0.16950181140 —0.15261586582 —0.16540630663 —0.12339916356 —0.19480289708 —0.14919351471 ~0.17097581881
Bs  0.19229361744  0.13550357287  0.14482204240  0.14820612526  0.09902289253  0.18918474080  0.00894511052  0.19151249301  0.17647341825  0.19360955205
By -0.07843809897 -0.03683371912 —-0.00364398764 —-0.00429743641 ~ 0.03112157699  ~0.02869693501 ~ 0.08302344318  —0.06636087604 —0.01525833338 —0.07848022850
Bio 101229609034 099996338868 096307407693  0.98789779837  0.96846018753  0.96229831821  0.98347646510  1.02460537465  0.96010418711  1.01698584333
o 000724412387  0.00724416344 000724416246  0.00724412481  0.00724415354  0.00724415159  0.00724412138  0.00724417645  0.00724412235  0.00724417909
o 000133170614  0.00133768912  0.00132033057  0.00136377406  0.00123581567  0.00136585925  0.00122085025  0.00137567975  0.00128833753  0.00133106315
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Figure 2
The workflow diagram of modeling processes

Gaussian

process
regression

> Gl

Corn
price data
[Training]

(o) [222]

N

Cross

validation
[Ten-fold]

N

[Expected improvement per J

Bayesian optimization
second plus algorithm]

|

[ Final model configuration

l-‘—f ———  Corn price data [Testing] ]

[ Model performance assessment

i

e —
~ —

Relative>root
mean
square error

Root mean Mean .
Correlation
square absolute e
coefficient

error

error

well various predictions made from various models and goals
perform [61]. The following is the presentation of the RRMSE:

1 2
\/ ROYRICAESTS

BN obs
. 2i=1 i

RRMSE =

where the values of #, y°*, and 1/°" indicate the number of obser-
vations needed to calculate prediction accuracy, together with
the observed and predicted values of the target. Moreover, the
RMSE and MAE are used to evaluate the prediction accuracy.
The RMSE is expressed as follows:

1 z or\2
RMSE = \j - Z;(y;”” -y
=
and this is how the MAF is expressed:
1< fi
MAE = - 2 |y;1bs _ yiorl
=

Lastly, another important statistic is the correlation

coefficient (CC), represented as
Ty (0 = yobs)(yl” — yhor)

T2 fc 2
VI, o =y S (o = )

cc

where yobs denotes the average of y°?* and yfor signifies the aver-
age of y©. The workflow diagram of our modeling processes is
shown in Figure 2. Analysis in this work is conducted through
the MATLAB platform. The model training time is close to 30
minutes on a desktop computer with 32GB RAM and i7-9700
CPU.

5. Result

The model was trained between January 02, 2014, and April
5, 2022. The projections are produced for the period starting
on April 6, 2022, and ending on April 10, 2024, one day in
advance. The ETPSP optimizations carried out during training
are shown in Figure 3. After taking into account the optimization

Figure 3
Bayesian optimizations implemented through the EIPSP
algorithm
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outcomes shown in Figure 3, it was concluded that the isotropic
exponential kernel expressed in Equation (1), the linear basis func-
tion expressed in Equation (13), and non-standardized predictors
should be the best choice for the corn price series. 10-fold cross-
validation was used to generate 10 different GPR models. The
results of the parameter estimations for the models are shown in
Table 2. Specifically, this table presents the parameter estimate
results for each of the columns designated as “CV1” through
“CV10” (where “CV” stands for “cross-validation”).

For the length of the out-of-sample evaluation period, which
spans from April 6, 2022, to April 10, 2024, the 10 models offer
daily price forecasts. Data collected between January 02, 2014,
and April 5, 2022, were used to train these models. The final price
prediction for each day of the testing period will be obtained by
averaging the 10 estimations, which represents a model-averaging
strategy. The consistency and reliability of future predictions are
improved as a consequence of this, since it reduces the probabil-
ity that any of the sub-models might possibly provide findings
that are unexpected. The benefits of equal weighing systems have
been explored in references [62, 63]. It is worth noting that we
attempted the approach of training the model based on the whole
training sample for our data, and we found that training the model
using the whole training sample leads to worse out-of-sample
performance as compared to using the CV framework. Figure 4
illustrates the differences in the time-series trends of the actual
prices and the forecasted prices with regard to the trends. The
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Figure 4
Out-of-sample forecast results from April 6, 2022, to April 10, 2024: plots of price forecasts against observations, as well as the upper
and lower bounds of the 95% prediction bands
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Figure 5
Out-of-sample percentage forecast errors from April 6, 2022, to April 10, 2024
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data shown in Figure 5, which illustrates the proportion of price
prediction errors that are pertinent to our inquiry, lends credence
to all of the conclusions that can be taken from Figure 4. The per-
formance indicators of the estimated results are shown in Table 3.
These indicators are derived from the integration of the RRMSE,
RMSE, MAE, and CC. To be more accurate, Table 3 presents
performance statistics as they are depicted in Figures 4 and 5. It
is evident that the RRMSE of 1.8537% is achieved by the GPR
models. In financial and economic forecasting contexts, potential

08

overfitting could be a concern. Thus, we also report the in-sample
performance of the model, which shows the RRMSE of 1.6002%,
RMSE of 0.0659, MAE of 0.0458, and CC of 99.753%. Therefore,
comparing the in-sample and out-of-sample model performance
does not reveal clear evidence of substantial overfitting for our
case. Different criteria have been set by the research literature to
examine the degree of accuracy that different models give [61]:
When the RRMSE is less than 10%, it is thought that the pro-
jections have reached an excellent degree of accuracy; when the
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Table 3
Out-of-sample forecast performance from April 6, 2022,
to April 10, 2024

RRMSE RMSE

MAE CC

1.8537% 0.1107

0.0703 99.528%

Figure 6
Error autocorrelation analysis: plots of normalized
autocorrelations
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RRMSE is greater than 10% but smaller than 20%, it is thought
that the projections have reached a good degree of accuracy; when
the RRMSE is greater than 20% but smaller than 30%, it is
thought that the projections have reached a fair degree of accu-
racy; and when the RRMSE is greater than 30%, it is thought
that the projections have reached a poor degree of accuracy. Our
models’ excellent level of accuracy is achieved by following these
grading guidelines.

The results of an error autocorrelation evaluation, which was
carried out to evaluate the suitability of the generated models,
are shown in Figure 6. More precisely, normalized autocorrela-
tions for delays up to 20 are analyzed in this study. This study
eliminates the possibility of major error autocorrelations and
confirms the overall correctness of the models offered. It is cru-
cial to remember, nevertheless, that empirical evidence from the
literature suggests that autoregressive conditional heteroskedas-
ticity effects might both enhance prediction accuracy and perhaps
degrade the forecasting output of different time-series models.

We compare the GPR model with four alternative
approaches: A naive (no-change) model, an autoregressive (AR)
model, SVR, and RT. All models use the same set of predictors,

except for the naive model that uses the previous day’s price as
the forecast. Specifically, we examine the linear e-insensitive SVR
model, with its box constraint set to the interquartile range of
the target variable divided by 1.349 and the half-width of its e-
insensitive band set to that same interquartile range divided by
13.49. The RT model is built on the classification analysis and
regression tree algorithm, with the minimum number of obser-
vations at a branch node set to 10 and at a leaf node set to 4.
The AR model is a linear time-series model and uses prices from
the preceding 10 days as the predictors, which are the same as
the GPR model. During the out-of-sample evaluation window
from April 6, 2022, to April 10, 2024, the naive, AR, SVR, and
RT models achieve RMSE values of 0.1579, 0.3454, 0.2065, and
0.2635, respectively—each higher than the GPR model’s RMSE
of 0.1107. To determine whether these differences in accuracy are
statistically meaningful, we apply the modified Diebold—Mariano
(MDM) test [64, 65] to each pairwise comparison between GPR
and the benchmark models. All resulting p—values fall below 0.01,
indicating that the GPR model offers significantly superior predic-
tive accuracy in our particular setting. Detailed numerical results
regarding the comparisons are also reported in Table 4.

While our GPR models achieve strong statistical perfor-
mance for corn price forecasting (1.8537% RRMSE), their
economic value and interpretability are equally important. This
level of accuracy has the potential to meaningfully improve pro-
curement, inventory, and hedging for processors and inform
planting, marketing, and sales timing for farmers. It is worth
noting that a detailed separate assessment of economic effects,
testing of trading or hedging strategies, consideration of transac-
tion costs, and comparison of management outcomes would be
necessary in future work to further evaluate the economic bene-
fit of the forecasts. In contrast, the autoregressive, SVR, and RT
models produce larger errors, with MDM tests (p < 0.01) con-
firming the GPR’s superiority under the experimental conditions
considered. From an interpretability standpoint, the GPR’s prob-
abilistic structure avoids black-box opacity. The selected isotropic
exponential kernel with a linear basis function reveals a smooth,
persistent temporal dependence, and the 10-day lag structure
implies that roughly two weeks of price history optimally captures
relevant information—suggesting market participants could focus
on recent developments rather than longer, noisier histories under
the GPR framework. Bayesian optimization yields parameter esti-
mates that describe how past prices influence predictions, while

Table 4
Benchmark analysis: comparisons of the GPR model with the SVR, RT, AR, and Naive (no-change) models during the
out-of-sample period from April 6, 2022, to April 10, 2024

MDM (test MDM test
Model MAE CC (%) RMSE RRMSE (%) statistic) (p-value)
GPR 0.0703 99.528 0.1107 1.8537 - -
SVR 0.3056 97.815 0.2065 3.4579 2.8062 0.0026
RT 0.3645 95.362 0.2635 44124 2.9074 0.0019
AR 0.5132 95.098 0.3454 5.7838 3.1726 0.0008
Naive (no-change) 0.1981 98.963 0.1579 2.6441 2.5649 0.0053
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CV model averaging confirms robustness. We note that while our
results support the forecasting suitability of the selected model
configuration, they do not, by themselves, prove the existence of
specific market mechanisms such as momentum, mean reversion,
or a particular rate at which information is absorbed by the mar-
ket. Instead, such economic explanations could serve as possible
hypotheses to be tested in future work. For policymakers, accurate
and transparent forecasts enable proactive interventions in supply
disruptions, price spikes, and programs like strategic reserves, with
the model’s clarity easing stakeholder communication. Financial
market participants gain a tool for informed trading and risk
management, and modest training time supports practical adop-
tion. Forecast error analysis did not reveal evidence of substantial
systematic bias within the evaluation period, which could be a
crucial consideration for sound decision-making.

6. Conclusion

Previous research has shown that policymakers and decision-
makers benefit from having a thorough grasp of commodity price
projections. The same idea holds true for figuring out the price
of corn. This study uses daily data from January 2, 2014, to April
10, 2024, to analyze the topic of corn price estimations. In this
case, the model parameters are established using the CV approach
and Bayesian optimization procedures, while the predictions are
achieved via the implementation of GPRs. The RRMSE calcu-
lated for the out-of-sample testing period spanning April 6, 2022,
to April 10, 2024, was 1.8537%. Technical prediction data could
be employed alone or in combination with other findings for pol-
icy research involving pricing trends. The methods we used to
evaluate these concerns may be useful in predicting challenges of
a similar kind for other sectors of the economy. Because of its
simplicity and versatility, this empirical framework may be used
in a wide range of decision-making processes. While the GPR
models developed in this study demonstrate strong predictive
accuracy, we acknowledge the important observation regarding
the limitation of relying on univariate lagged prices. The use
of corn’s own price history, though methodologically sound for
establishing a baseline forecasting capability, does not capture the
full range of economic forces that shape agricultural commod-
ity markets. Future research should therefore extend the current
framework by incorporating a broader set of explanatory vari-
ables that reflect the multifaceted determinants of corn prices.
Specifically, macroeconomic indicators such as inflation rates,
exchange rates, and interest rates could be integrated as additional
predictors, given their potential influence on commodity price
dynamics. Energy prices, particularly crude oil and natural gas,
represent another critical dimension, as they could affect produc-
tion costs through fertilizers, fuel, and transportation expenses.
Weather variables, including temperature anomalies, precipita-
tion patterns, and drought indices, constitute a third essential
category, given the fundamental role of growing conditions in
determining supply. Additionally, international market factors
such as global stock levels, export—import flows, and price move-
ments in related commodities (soybeans, wheat, and rice) could
possibly help enhance the model’s explanatory power. The GPR
framework is well-suited to accommodate such expansions, as it
can flexibly handle high-dimensional predictor spaces through its
kernel-based approach, while maintaining its interpretation. This
extension might not only improve forecast accuracy but would
also possibly enhance the economic interpretability of the model,
allowing policymakers and market participants to understand
which external factors most strongly influence price movements.
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Such multidimensional GPR models would help transform the
forecasting exercise from a statistical endeavor into a more com-
prehensive analytical tool that bridges empirical modeling with
economic theory, thereby further advancing the practical utility of
commodity price forecasts for strategic decision-making. Future
research could prioritize enhancing the interpretability of ML
models in this domain. While the GPR framework offers inherent
transparency, applying post hoc interpretation techniques might
quantify the contribution of each lagged price to the forecast. This
could help provide market participants with additional actionable
insights into which historical observations most strongly influence
predictions.
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Appendix

Abbreviation or Symbol Meaning

Abbreviation

VAR Vector Autoregressive

VECM Vector Error Correction Model

ARIMA Autoregressive Integrated Moving Average

SARIMA Seasonal Autoregressive Integrated Moving Average

AR Autoregressive

Al Artificial Intelligence

ML Machine Learning

GPR Gaussian Process Regression

SVR Support Vector Regression

RT Regression Tree

BDS Brock-Dechert-Scheinkman

BEKK-GARCH Generalized Autoregressive Conditional Heteroskedasticity-Baba, Engle, Kraft,
and Kroner

DCC-GARCH Generalized Autoregressive Conditional Heteroskedasticity-Dynamic
Conditional Correlation

LSTM Long Short-Term Memory

EIPSP Expected Improvement per Second Plus

Ccv Cross-Validation

RMSE Root Mean Square Error

RRMSE Relative Root Mean Square Error

MAE Mean Absolute Error

CC Correlation Coefficient

MDM Modified Diebold-Mariano

Symbol

k Kernel

b Basis Function

a Scale-Mixture Parameter

o Characteristic Length Scale

ar Standard Deviation of the Signal

a(-) Acquisition Function
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