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Soybean is an important agricultural commodity, essential for food security, livestock feed, 
and industrial uses. Therefore, understanding its price fluctuations is critical for informed 
decision-making. However, soybean prices show significant volatility due to fluctuations in 
global demand and supply, climate variability, and policy alterations, resulting in uncertainty 
for farmers, traders, and policymakers. This study aims to examine the time-series dynamics 
of  soybean prices and establish an accurate forecasting framework using a monthly dataset 
from January 1960 to March 2026 obtained from the World Bank. The study uses various 
forecasting methodologies, comprising linear models (ARIMA, ETS, and Theta), a nonlinear 
model (NNAR), and hybrid models that combine linear and nonlinear frameworks, with 
model performance determined through accuracy metrics including Root Mean Square 
Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error 
(MAPE). The findings reveal that soybean prices show considerable variability, averaging 
$292.59 per metric ton, ranging from $88.00 to $737.06, indicating high market volatility. 
Furthermore, while the ARIMA (1,1,3) model effectively identifies linear trends, the 
NNAR model shows superior performance among individual models by yielding reduced 
forecasting errors (RMSE = 162.86; MAPE = 36.22%). The hybrid ARIMA–NNAR model 
attains superior accuracy, significantly reducing forecast errors (RMSE = 98.03; MAPE 
= 21.66%). This highlights the benefits of  integrating linear and nonlinear methods. The 
forecast indicates that soybean prices are expected to rise in the short-term, peak in 2027–
2028, and then decline gradually toward 2030. However, the expanding prediction intervals 
show growing uncertainty over time. The findings confirm that hybrid models provide a 
more robust and reliable framework for forecasting soybean prices. Future studies should 
integrate exogenous variables such as climatic conditions, trade policies, and exchange rates, 
and should investigate new methodologies, including deep learning approaches, to improve 
forecasting precision and policy relevance.
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INTRODUCTION 
Soybean is an important crop in the global agricultural 
system due to their because of  its diverse uses and 
strong linkages with food, energy, and industrial sectors 
(Siamabele, 2021; Pagano & Miransari, 2016). It serves as 
a principal protein source in cattle feed and is a significant 
component in the manufacturing of  edible oils, making it 
important for both the food and feed sectors (Flachowsky 
et al., 2017; Gunstone, 2011; Wilkinson & Lee, 2018). 
Moreover, soybean is increasingly utilized in biofuel 
production and diverse industrial applications, which are 
expanding their economic significance (Goldsmith, 2008). 
Soybean, as a globally traded commodity, significantly 
impacts global markets, with its price determined by 
production trends in leading exporting nations, global 
demand fluctuations, and trade regulations (Gottimukkala 
& Bhuram, 2025; Peng et al., 2026). Thus, variations in 
soybean prices can significantly influence agricultural 
income, food prices, livestock production costs, and 
overall market stability. 
However, soybean prices are highly volatile and are 
influenced by climatic conditions, global supply and 
demand, trade regulations, exchange rates, inventories, 
and unexpected market disruptions (Peri, 2017; Katuwal 

et al., 2026). Adverse climatic occurrences may reduce 
crop production, while fluctuations in global demand can 
rapidly change price patterns (Haile et al., 2017; Zhu et 
al., 2024). Thus, these uncertainties prevent producers, 
traders, and policymakers from making rational decisions. 
Accurate price forecasting can help address this uncertainty 
by supporting production planning, marketing decisions, 
risk management, and policy responses. Furthermore, 
precise forecasts may enhance decision-making in fields 
such as inventory management, trade strategies, and price 
stabilization measures. Consequently, the application of  
complex forecasting methodologies is becoming vital in 
agricultural economics. According to the World Bank 
Commodity Markets Outlook, overall commodity prices 
are projected to increase by 16% in 2026, with energy 
prices expected to increase by 24% (World Bank, 2026). 
Such fluctuations significantly influence agricultural 
commodity markets, including soybeans, as input costs 
(e.g., fertilizers and energy) directly affect production 
decisions and market prices. Therefore, accurate 
forecasting of  soybean prices is essential for informed 
policy decisions, risk management, and market planning.
In recent years, time series models have been extensively 
utilized to predict agricultural commodity prices. 
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Conventional linear models, such as the autoregressive 
integrated moving average (ARIMA), effectively 
identify linear trends in data (Arumugam & Natarajan, 
2023; Nelson, 1998). However, agricultural price series 
frequently have nonlinear characteristics due to complex 
market dynamics and external disturbances (Tripathi et al., 
2023). Thus, nonlinear models, including neural network 
autoregressive (NNAR) models, have drawn interest in 
their capacity to identify such patterns (Almarashi et al., 
2024; Khadka et al., 2025; Limbu Sanwa et al., 2025). 
Moreover, integrating linear and nonlinear methodologies 
through hybrid models has emerged as a viable strategy 
to enhance forecasting accuracy (Sina et al., 2023; Duan 
et al., 2022).
Despite these advances, there remains a necessity for 
more robust and dependable forecasting methodologies 
that can accurately capture the dynamic characteristics 
of  soybean prices. Specifically, little attention has been 
paid to the comparative efficacy of  various models and 
the prospective advantages of  hybrid modeling in this 
area. This study examines the time-series dynamics 
of  soybean prices and assesses the efficacy of  diverse 
forecasting models, including linear, nonlinear, and 
hybrid methods. This study offers significant insights 
for several stakeholders. The findings can aid farmers in 
production planning, assist sellers in mitigating pricing 
risks, and enable policymakers to take informed, timely 
actions. Therefore, improving the accuracy of  soybean 
price forecasting is not solely a methodological issue but 
also an essential development for strengthening decision-
making within the agricultural sector.

LITERATURE REVIEW
Classical Time-Series Models for Soybean Price 
Forecasting
Statistical time-series models are widely utilized in 
agricultural price forecasting because they effectively 
capture temporal interdependence and organized 
patterns in data (Xia, 2024). The ARIMA model is one of  
the most widely used methods for predicting commodity 
prices because it effectively captures autoregressive and 
moving-average processes (Arumugam & Natarajan, 
2023). In agricultural markets, ARIMA has served as a 
benchmark model for forecasting price fluctuations in 
commodities such as soybeans and cereals (Goodwin & 
Schnepf, 2000).
The Seasonal ARIMA (SARIMA) model integrates 
seasonality into monthly data, enabling identification 
of  periodic variations linked to production cycles (Wei, 
2006). Research indicates SARIMA is effective when 
price patterns follow consistent seasonal frameworks 
(Divisekara et al., 2021). Exponential Smoothing (ETS) 
models are also utilized due to their adaptability in 
capturing trend and seasonal elements (Hyndman et 
al., 2008). These methods assign greater weight to new 
observations while diminishing the influence of  earlier 
values, thereby adapting to evolving data trends. Simple 
exponential smoothing is suitable for steady series, 

whereas Holt-Winters extensions are preferable for series 
with trend and seasonality (Ostertagová & Ostertag, 
2012).
In the Box–Jenkins system, ARIMA modeling serves 
as both a forecasting equation and a systematic process 
including identification, estimation, diagnostic evaluation, 
and forecasting (Young, 1977). Applications typically 
involve transformation or differencing to achieve 
stationarity, followed by ACF and PACF analysis to detect 
lag structures (Young, 1977; Abdallah, 2019). This is 
important for monthly commodity prices, where seasonal 
dependency may arise at annual lags, making SARIMA a 
logical extension (Boniface & Martin, 2019). Stellwagen 
and Tashman (2013) argued that ARIMA should be 
regarded as a benchmark rather than universally superior.
Decomposition methods such as STL isolate trend 
and seasonal components, enhancing interpretability 
(Cleveland et al., 1990). TBATS models manage complex 
seasonal patterns in large datasets (De Livera et al., 2012) 
and have shown efficacy in forecasting commodity prices 
with unpredictable seasonality (Athanasopoulos et al., 
2011). Despite widespread use, statistical models may 
inadequately represent nonlinear patterns and sudden 
price fluctuations (Granger, 2001).

Exponential Smoothing and Seasonal Adjustment 
Approaches
Exponential smoothing techniques provide a flexible 
framework for modeling time-series data by assigning 
greater weight to recent observations, allowing the 
model to adapt to evolving market conditions. Unlike 
ARIMA-based approaches, which rely on autocorrelation 
structures, smoothing methods emphasize level, trend, 
and seasonal components in a more data-driven manner 
(Ostertagová & Ostertag, 2012; Hyndman et al., 2002). 
These approaches are widely applied in agricultural price 
forecasting due to their simplicity and strong empirical 
performance, particularly for short-term predictions.
In addition to smoothing techniques, seasonal adjustment 
methods are used to isolate underlying trends by removing 
periodic fluctuations from time-series data. Methods such 
as moving average-based seasonal indices and regression-
based seasonal decomposition help distinguish between 
systematic seasonal effects and irregular variations 
(Jadhav et al., 2018; Ostertagová & Ostertag, 2015). These 
approaches are particularly useful in agricultural markets, 
where seasonal production cycles may influence price 
behavior. However, in globally traded commodities such 
as soybeans, seasonality is often weaker and less stable, 
reducing the effectiveness of  purely seasonal models.

Neural Network and Hybrid Forecasting Models
Hybrid models combine statistical and machine learning 
approaches to improve forecasting accuracy (Zhang, 
2003). The ARIMA-ANN hybrid model uses ARIMA 
for linear components and neural networks for nonlinear 
residuals (Zhang, 2003).
Studies show hybrid models outperform individual 
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models (Kumar & Thenmozhi, 2014). ARIMA-ANN 
models improve forecasting accuracy in financial and 
commodity markets (Babu & Reddy, 2014), and hybrid 
models enhance precision by capturing both linear and 
nonlinear patterns (Khandelwal et al., 2015). Hybrid 
approaches are widely used in agricultural markets (Jaiswal 
et al., 2023), especially decomposition-based models such 
as STL combined with machine learning (Panigrahi & 
Behera, 2017)

Model Selection, Diagnostics, and Forecast 
Evaluation
Model selection is essential, as models should not be 
chosen solely on theoretical grounds. The Box–Jenkins 
framework includes identification, estimation, diagnostic 
verification, and forecasting (Young, 1977). ACF and 
PACF are used to determine model structure (Young, 
1977; Abdallah, 2019). Models are evaluated using AIC 
and BIC (Akaike, 1974; Schwarz, 1978; Abdallah, 2019), 
with preferred lower values.
Diagnostic verification ensures residuals approximate 
white noise. The Ljung-Box test assesses residual 
autocorrelation (Ljung & Box, 1978). Persistent 
autocorrelation indicates model inadequacy. Diagnostic 
checks should precede model evaluation (Jadhav et al., 
2017; Abdallah, 2019). Forecast accuracy is evaluated 
using out-of-sample performance. Metrics include MAPE, 
MSE, MAE, and RMSE (Jadhav et al., 2017; Ostertagová 
& Ostertag, 2012; Abdallah, 2019). Model comparison 
should use consistent horizons and evaluation criteria.

Research Gap and Contribution of  the Study
While prior research has utilized ARIMA, SARIMA, 
exponential smoothing, neural networks, and hybrid 
methodologies for commodities and economic time 
series, there is a lack of  studies that integrate various 
approaches into a single model for an extensive 
historical monthly soybean price series. Jadhav et al. 
(2017) concentrated on ARIMA-based agricultural price 
forecasting, Ostertagová and Ostertag (2012) highlighted 
smoothing techniques, and Abdallah (2019) elaborated on 
the stages for constructing ARIMA models in a practical 
forecasting context. The majority of  the current work 
thus focuses on a singular model family, a brief  sample 
period, or a restricted set of  evaluation criteria. This gap 
is particularly significant for soybean prices, as a monthly 
series from 1960 to 2026 is expected to capture long-term 
trend alterations, cyclical seasonal fluctuations, policy 
transformations, and substantial global disruptions. This 
study compares classical, smoothing-based, and nonlinear 
forecasting methods for an extensive soybean price series, 
explicitly combining structural break analysis, model 
diagnostics, and formal forecast validation.

MATERIALS AND METHODS
Data Description
The data used in this study were obtained from the 
World Bank Commodity Price Data, commonly known 

as the Pink Sheet (April 2026 edition) of  the Commodity 
Markets Outlook. The dataset consists of  monthly 
soybean prices from January 1960 to March 2026. The 
monthly soybean price series was converted into a time 
series with a 12-month frequency to reflect its monthly 
structure and maintain consistency with standard 
forecasting practices.
To examine the underlying structure of  the series, it was 
decomposed into its fundamental components using an 

additive model as given by Dozie & Ijomah (2020):
Where, 
Yt denotes the observed soybean price at time t, 
Tt represents the trend component, 
St captures seasonal variations, and 
Rt corresponds to the irregular (random) component.

Forecasting Models
Three categories of  forecasting models were utilized to 
summarize the various properties of  the soybean price 
series:

Linear Models
Linear time series models have been used to identify 
trends and seasonal patterns within the data (Verbesselt 
et al., 2010; Bandara et al., 2025). The models encompass 
Autoregressive Integrated Moving Average (ARIMA), 
Seasonal ARIMA (SARIMA), Exponential Smoothing 
(ETS), and Theta models. These models are especially 
efficient at representing both linear dependencies and 
structured temporal patterns (Dubey et al., 2021).

ARIMA Model 
The ARIMA model is a popular linear time-series 
model that captures temporal dependencies and linear 
correlations in the data. It functions through three 
primary components: autoregression, differencing, and 
moving average (Bernal et al., 2021; Lai & Dzombak, 2020; 
Osho, 2019). The ARIMA model uses historical data 
(autoregressive components), eliminates non-stationarity 
by differencing, and characterizes the residual errors with 
a moving average process (Momin & Chavan, 2018).
The standard representation of  the ARIMA (p,d,q) model 

is expressed as follows, given by (Shumway & Stoffer, 
2017):
Where,
B is the backshift operator, 
Yt represents the observed value at time t, 
C is a constant term, and 
ℇt denotes white noise. 
Moreover, p represents the number of  lagged 
observations included in the model (autoregressive 
order), d indicates the number of  differencing steps 
required to get stationarity, and q denotes the number of  
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lagged forecast errors (moving average order).
SARIMA Model 
The Seasonal Autoregressive Integrated Moving Average 
(SARIMA) model extends the ARIMA framework by 
incorporating seasonal components, thereby capturing 
both short-term dynamics and periodic patterns in time-
series data (Wei, 2006; Paul, 2014). The general SARIMA 

The Theta model separates the series into components:
It simplifies forecasting by separating trend and 
fluctuations, but it may be less effective for complex or 
highly nonlinear data.

Nonlinear Model
NNAR Model 
The Neural Network Autoregression (NNAR) model 
was used to address potential nonlinear correlations and 
complex patterns found in the data (Daniyal et al., 2022; 
Crone et al., 2011). The NNAR model can learn nonlinear 
patterns that typical linear models may inadequately 
represent (Elseidi, 2024; Almarashi, 2025; Almarashi et 
al., 2024).
The NNAR model uses lagged values of  the time series as 
inputs to a feedforward neural network. The fundamental 
structure of  the NNAR model given by Adenomon & 
Emmanuel (2024) and Zhang (2003) is:

(p, d, q) (P, D, Q)s model is expressed as:
Where,
p, d, q denote the non-seasonal autoregressive, 
differencing, and moving average orders, and 
P, D, Q represent the corresponding seasonal components 
with seasonal period s. 
The operator B is the backshift operator, and ε_tis a 
white-noise error term.
Although SARIMA is theoretically appropriate for 
monthly data, empirical results from decomposition, 
autocorrelation analysis, and differencing tests indicate 
weak seasonal persistence in the soybean price series. 
Therefore, seasonal differencing was not required, and a 
non-seasonal ARIMA model was selected as the baseline 
specification for forecasting.

ETS Model 
The Exponential Smoothing (ETS) model assigns greater 
weight to recent observations, making it effective for 
capturing evolving patterns in time series data (De Livera 
et al., 2012).
Let Yt denote the observed series and “x” _”t”  “= (“ “l” 
_”t”  “,” “b” _”t”  “,” “s” _”t”  “,…) “ represent the state 
vector, where lt, bt, and st correspond to level, trend, and 
seasonality, respectively. The state space form given by 

Hyndman et al. (2002) and Safi & Sanusi (2021) is:
Where,
ε_t∼”NID”(0,σ^2)

TBATS Model 
The TBATS model is used to identify complex and 
irregular seasonal patterns in time series data. It includes 
a Box–Cox transformation for variance stabilization, 
trigonometric components for seasonality, and ARMA 
errors (Andreozzi et al., 2014, and Hutagalung & Sari, 
2024).

The standard format is:
TBATS is particularly useful when multiple seasonal 
cycles or irregular patterns are present in the data.

Theta Model (Decomposition-Based)

For seasonal time series data, such as monthly soybean 
prices, the model can be extended to include seasonal 
lags:

Where,
 f(.) represents a nonlinear function approximated by a 
neural network, and ℇt denotes the random error term.
3.2.3 Decomposition-Based Model

STL Model
The STL model decomposes a time series into three 
components and is given by (Spiliotis et al., 2020):

Where,
 Yt is the observed series, Tt is the trend component, 
St is the seasonal component, and Rt is the remainder 
(irregular component).
After decomposition, forecasting is typically performed 
as:

Where,
•	 T ̂_(t+h)= forecasted trend component 
•	 S ̂_(t+h)= forecasted seasonal component 

Hybrid Models
Hybrid models were developed by integrating linear and 
nonlinear methodologies to improve forecasting accuracy, 
as they combine the strengths of  distinct approaches to 
effectively capture both linear and nonlinear patterns 
present in time series data (Khashei & Bijari, 2011; 
Mamun et al., 2020; Hajirahimi & Khashei, 2023; Khashei 
& Bijari, 2012; Chi, 2021).
General hybrid equation:
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Where,
 Y ̂_(i,t)represents the forecast from the i^thmodel and 
w_idenotes the corresponding weight assigned to each 
model, with ∑w_i=1.
By integrating linear models (e.g., ARIMA, ETS) and 
nonlinear models (e.g., NNAR), hybrid models can 
capture a wider range of  patterns and typically provide 
more robust and accurate forecasts.
Two weighting strategies were used to combine individual 
model predictions for the construction of  hybrid 
forecasts.

Equal Weighted Hybrid Model 
In the equal weighting approach, each model contributes 
uniformly to the final prediction. The weight allocated to 
each model is specified by:

Where,
n represents the total number of  models included in 
the hybrid. This approach assumes that all models 
perform equally well and provides a simple and unbiased 
combination.

Cross-Validation Weighted Hybrid Model
In the cross-validation weighting approach, weights are 
assigned based on the inverse of  the forecasting errors 
derived from validation data. The weights are determined 
as follows:
The weights are calculated as:

Where,
 Errori represents the forecasting error of  the ith model. 
In this approach, models with lower errors receive higher 
weights, thereby improving overall forecasting accuracy.

Model Evaluation Metrics 
The efficacy of  the forecasting models was assessed 
utilizing a collection of  generally recognized statistical 
accuracy metrics. These measures evaluate various 
dimensions of  forecast errors, including bias, size, and 
relative deviation (Shcherbakov et al., 2013; Dai et al., 
2025; Jaiswal et al., 2023).
The Mean Error (ME) was used to measure the average 
bias in the forecasts and is defined as:

The Mean Absolute Error (MAE) captures the average 
magnitude of  forecast errors, regardless of  direction 
(Wang & Lu, 2018; Willmott & Matsuura, 2005):

of  error magnitude that penalizes larger deviations more 
heavily (Wang & Lu, 2018; Willmott & Matsuura, 2005):
The Mean Absolute Percentage Error (MAPE) expresses 

forecast accuracy as a percentage, allowing for relative 
comparison across models (Zhang, 2003):
Finally, the Mean Percentage Error (MPE) indicates the 

average percentage bias in the forecasts (Kim and Kim, 
2016):
These evaluation metrics provide a comprehensive 

assessment of  model performance and a comparison of  
forecasting accuracy across different models.

Data Analysis
Data analysis was conducted in R version 4.5.1 with 
important packages including forecast, tseries, zoo, 
ggplot2, and forecastHybrid. The monthly soybean price 
data were first cleaned, arranged chronologically, and 
converted to a time-series format. Descriptive statistics, 
time-series plots, lag plots, decomposition, ADF and 
KPSS stationarity tests, differencing, and ACF/PACF 
diagnostics were used to examine the structure of  the 
series. A fixed random seed using set.seed() was applied 
to ensure reproducibility, especially for neural network-
based forecasting. Both individual models and hybrid 
models were estimated and compared using ME, RMSE, 
MAE, MPE, and MAPE. Finally, the best-performing 
model was used to forecast soybean prices through 
December 2030 with prediction intervals.

RESULTS AND DISCUSSIONS
Descriptive Statistics
The descriptive statistics reveal significant variation in 
monthly soybean prices during the study period. Analysis 
of  795 monthly records from January 1960 to March 
2026 shows an average soybean price of  $292.59 per 
metric ton, contrasted with a median price of  $261.00 per 
metric ton, indicating that several elevated price periods 
have skewed the mean upward. Price levels varied from 
a minimum of  $88.00 per metric ton to a maximum 
of  $737.06 per metric ton. The standard deviation was 
142.80, indicating significant volatility in soybean prices 
over time. The interquartile range ranged from $205.50 
at the 25th percentile to $377.88 at the 75th percentile, 
indicating that the central 50% of  recorded values 
spanned a wide range. The results indicate that soybean 
prices showed significant variability and marked increases 
over the sample period, highlighting the necessity for 
time-series methodologies capable of  capturing evolving 
dynamics and price volatility.The Root Mean Square Error (RMSE) provides a measure 
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Table 1: Descriptive statistics of monthly soybean prices ($/metric ton)
Statistic Value
Number of observations 795
Minimum 88
Maximum 737.06
Mean 292.59
Median 261
Standard deviation 142.80
25th percentile (Q1) 205.5
75th percentile (Q3) 377.88

Figure 1: Monthly soybean price series

Time-series Behavior
The monthly soybean price series during the study period 
is illustrated in Figure 1. Generally, the series does not 
exhibit a uniform degree of  fluctuation. Rather, it exhibits 
significant fluctuations over time, including periods 
of  relative stability and periods of  high price volatility. 
Prices were relatively stable and low in the prior decades. 
However, the quantity and variability of  prices increased 
significantly from the mid-2000s onward. Specifically, the 
late 2000s, early 2010s, and early 2020s are characterized 
by numerous abrupt price increases. Consequently, the 

figure implies that the series possesses both time-varying 
volatility and a trend. Additionally, the pattern does not 
appear to be entirely random, which justifies further 
stationarity testing and decomposition in the subsequent 
sections.
The lag diagrams of  monthly soybean prices up to lag 6 
are depicted in Figure 1b. The soybean price series shows 
a strong serial dependence and persistence, as evidenced 
by the distinct positive association between current prices 
and their lagged values, particularly at shorter lags, as 
demonstrated by the plots

Figure 1b: Lag plots of monthly soybean prices (lags 1–6)
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Decomposition and Seasonal Adjustment
An additive decomposition was implemented to better 
understand the internal pattern of  the soybean price 
series. This approach divides the observed series into 
trend, seasonal, and random components. The series 
shows a stable seasonal pattern, irregular short-run 
fluctuations, and a varying long-term trend, as illustrated 
in Figure 2. The trend component, in particular, suggests 
that soybean prices have increased over time, despite the 

fact that the movement was not consistent throughout the 
sample period. At the same time, the seasonal component 
implies that monthly price fluctuations show a consistent 
pattern. Similarly, the random component captures short-
term disruptions that are not accounted for by seasonality 
or trend. Thus, the decomposition further supports the 
existence of  both systematic and irregular movements in 
the soybean price series.

Figure 2: Additive decomposition of monthly soybean prices: observed, trend, seasonal, and random components

The soybean price series, which has been seasonally 
adjusted, is illustrated in Figure 3. The fundamental price 
movement becomes clearer after the regular seasonal 
effect is removed. The adjusted series continues to 

exhibit significant fluctuations and multiple sudden price 
increases, particularly in later years. Therefore, seasonality 
is simply a component of  the overall movement; trend 
and irregular shocks also play significant roles.

Figure 3: Seasonally adjusted monthly soybean prices
Stationarity and Differencing
The Kwiatkowski-Phillips-Schmidt-Shin test (KPSS) and 
the Augmented Dickey–Fuller (ADF) test have been 
used to provide an additional evaluation of  the statistical 
properties of  the seasonally adjusted series. The unit root 
null hypothesis was rejected at the 5% level, as indicated 
by the ADF test statistic of  -3.5222 and a p-value of  

0.04017. However, the null hypothesis of  level stationarity 
was rejected, as the KPSS test statistic was 7.7534 with a 
p-value of  0.01. These findings provide mixed evidence 
and indicate that the seasonally adjusted soybean price 
series continues to fail to achieve stationarity. Therefore, 
differences were conducted in the subsequent stage prior 
to the identification and forecasting of  the model.

Figure 4: ACF and PACF plots of the original monthly soybean price series
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The ACF and PACF plots of  the original soybean price 
series are illustrated in Figure 4. Initially, the ACF shows 
a gradual decline and remains significant across multiple 
lags. This pattern suggests the series exhibits a high 
degree of  persistence. In contrast, the PACF exhibits a 

significant rise at the initial lag, which is accompanied 
by significantly reduced values at subsequent delays. 
Overall, these findings suggest that the level series is 
non-stationary. Therefore, differencing was implemented 
before the identification and forecasting of  the model.

Figure 5: First-differenced soybean price series

Further, the first differenced series was analyzed. The 
differenced series shows a more consistent fluctuation 
around zero, as illustrated in Figure 5, despite a few 
substantial shocks. Furthermore, the ADF test for the 

first-differenced series provided a statistic of  -10.436 
with a p-value of  0.01, indicating stationarity after the 
initial differencing.

Figure 6: ACF and PACF plots of the first-differenced soybean price series

The first-differenced series’ ACF and PACF diagrams 
are illustrated in Figure 6. The autocorrelations show a 
significantly faster decline following differencing than the 
level series. This implies that the data’s persistence was 

significantly reduced by the initial differencing process. 
As a result, the ADF test result agrees with the graphical 
evidence.

Figure 7: Seasonally differenced soybean price series
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Seasonal differences were also taken into account 
due to the periodic nature of  the data. The seasonally 
differenced series appears to be more stable than the 
original level series, as illustrated in Figure 7, despite 

noticeable fluctuations. Moreover, the ADF test for the 
seasonally differenced series yielded a statistic of  -7.7056 
with a p-value of  0.01, which further supports stationarity 
following differencing.

Figure 8: ACF and PACF plots of the seasonally differenced soybean price series

The ACF and PACF diagrams of  the seasonally differenced 
series are shown in Figure 8. The ACF experiences a more 
rapid decline than the level series, while the PACF shows 
a few significant increases at specific lags.
The results of  the Augmented Dickey–Fuller Test clearly 
confirm that the series is stationary after differencing. 
Specifically, the ADF statistics for the first-differenced 
series (-10.436, p < 0.01) and the seasonally differenced 
series (-7.7056, p < 0.01) indicate strong rejection of  the 
unit root hypothesis. Therefore, the soybean price series 
becomes stationary after differencing and is suitable for 
subsequent model estimation.

Model Estimation and Diagnostics
The soybean price series was estimated using both manual 
and automatic ARIMA models. In addition to the non-
seasonal ARIMA specification, a seasonal ARIMA model 
was also considered to capture potential monthly seasonal 
patterns in soybean prices. Specifically, a SARIMA (0,1,2) 
(2,0,0) [12] model was estimated. The residual diagnostics 
of  this model indicate that the residuals behave as white 

noise, with no significant autocorrelation, suggesting an 
adequate fit. However, the differencing tests indicated 
that seasonal differencing was not required (nsdiffs = 
0), implying that strong seasonal persistence is limited in 
the data. Therefore, while the SARIMA model provides 
a reasonable representation, the more parsimonious 
ARIMA (1,1,3) model was retained as the baseline linear 
specification for subsequent forecasting comparisons. 
First, a manually specified ARIMA (1,1,1) model was 
estimated as a benchmark. Next, the automatic selection 
procedure identified an ARIMA (1,1,3) model for the 
original monthly series. Although ARIMA (1,1,1) reported 
a lower AIC in this comparison, the auto ARIMA (1,1,3) 
specification was retained for forecasting because it was 
selected by the automatic model-selection procedure and 
produced acceptable residual diagnostics. Table 2 reports 
the estimated coefficients and model fit statistics for 
both specifications. The results show that the automatic 
procedure selected a model with a richer moving-average 
structure than the manual benchmark.
The fitted values from the auto ARIMA (1,1,3) model 

Table 2: Estimated ARIMA model coefficients and fit statistics
Model Coefficients Sigma² Log-likelihood AIC
ARIMA (1,1,1) AR1 = 0.3235, MA1 = -0.1879 379.60 -3484.48 6974.95
ARIMA (1,1,3) AR1 = 0.9439, MA1 = -0.8190, MA2 = -0.0586, MA3 

= -0.0962
386.30 -3489.55 6989.09

are compared to the actual soybean price series in Figure 
9. The fitted values closely correspond to the observed 
series for the majority of  the sample period. Specifically, 
the model effectively depicts the general upward and 

downward trends in soybean prices. However, a few 
abrupt spikes are not perfectly matched, a phenomenon 
that is common in commodity price series due to the 
difficulty of  accurately predicting sudden shocks.

Figure 9: Fitted values from auto ARIMA over the actual series
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The residual diagnostics of  the auto ARIMA (1,1,3) 
model are illustrated in Figure 10. The standardized 
residuals show a lack of  a distinct systematic pattern as 
they fluctuate around zero. Furthermore, the residual 
autocorrelation function does not show a robust 

remaining autocorrelation. At conventional significance 
levels, the Ljung–Box test yielded a p-value of  0.05925, 
which indicates that there is no significant residual 
autocorrelation issue. Thus, the residuals are broadly 
consistent with white noise.

Figure 10: Residual diagnostics of the auto ARIMA (1,1,3) model

The auto ARIMA (1,1,3) model’s forecast is illustrated in 
Figure 11. The point forecasts indicate that soybean prices 
will remain relatively stable, fluctuating within the $478–
482 per metric ton range throughout the forecast period. 

Simultaneously, the prediction intervals progressively 
expand, suggesting that the forecast horizon expands, 
thereby increasing the level of  uncertainty

Figure 11: Forecasts from the auto ARIMA (1,1,3) model

Overall, the diagnostic and forecasting results indicate 
that the auto ARIMA (1,1,3) model is appropriate for 
forecasting the soybean price series and provides an 
acceptable fit.

Forecast Comparison across Models
The forecast performance was compared across six 
alternative models: ARIMA, ETS, NNAR, Theta, STLM, 

and TBATS. The comparison was conducted using out-
of-sample accuracy measures, such as the mean error 
(ME), root mean squared error (RMSE), mean absolute 
error (MAE), mean percentage error (MPE), and mean 
absolute percentage error (MAPE). In general, forecasting 
efficacy becomes more accurate with lower RMSE, MAE, 
and MAPE values.
Table 3 illustrates that the NNAR model performed better 

Table 3: Forecast comparison across ARIMA, ETS, NNAR, Theta, STLM, and TBATS models
Model ME RMSE MAE MPE MAPE
NNAR -156.82 162.86 156.82 -36.22 36.22
THETA -185.10 192.19 185.10 -42.71 42.71
TBATS -194.58 200.90 194.58 -44.81 44.81
ARIMA -240.98 251.84 240.98 -55.68 55.68
STLM -267.31 281.80 267.31 -61.80 61.80
ETS -275.74 295.75 275.74 -63.98 63.98

than all other individual models. Specifically, it generated 
the lowest RMSE (162.8609), MAE (156.8184), and 
MAPE (36.21687). Therefore, NNAR was identified as 

the most suitable model among the individual forecasting 
approaches. The Theta and TBATS models were ranked 
second and third, respectively. In contrast, the forecast 
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errors of  ARIMA, STLM, and ETS were significantly 
larger. The ETS model had the weakest efficacy among 
all models, with the highest RMSE (295.7469) and MAPE 
(63.97945). Thus, the comparison indicates that the more 

adaptable nonlinear model, NNAR, captured soybean 
price dynamics more effectively than the alternative 
individual methods in this study.
Figure 12 presents the forecast comparison across the 

Figure 12: Forecast comparison across ARIMA, ETS, NNAR, Theta, STLM, and TBATS models	

ARIMA, ETS, NNAR, Theta, STLM, and TBATS 
models. As shown in the figure, the models generate 
different forecast paths and uncertainty ranges. The 
ARIMA, ETS, STLM, and TBATS models show relatively 
wider forecast bands, indicating higher uncertainty. In 

contrast, the NNAR forecast is comparatively smoother 
and more stable, while the Theta model shows moderate 
fluctuation. These visual differences are consistent with 
the forecast accuracy results, which indicate that NNAR 

Table 4: Forecast Accuracy Comparison of All Models 
Model ME RMSE MAE M P E 

(%)
M A P E 
(%)

EQUAL (Simple Average Ensemble) -210.644 219.873 210.644 -48.679 48.679
CV.ERRORS (Weighted Ensemble) -202.078 210.48 202.078 -46.681 46.681
AUTO.ARIMA (1,1,3) -240.976 251.836 240.976 -55.681 55.681
ETS (M,Ad,N) -275.741 295.747 275.741 -63.979 63.979
NNAR (26,1,14) -156.818 162.861 156.818 -36.217 36.217
THETA -185.105 192.189 185.105 -42.712 42.712
STLM (M,Ad,N) -267.31 281.803 267.31 -61.804 61.804
TBATS (0,0,0,-,-) -194.582 200.897 194.582 -44.806 44.806
Hybrid 1 (AUTO.ARIMA (1,1,3) × ETS 
(M,Ad,N))

-177.258 184.621 177.258 -40.978 40.978

Hybrid 2 (AUTO.ARIMA (1,1,3) × NNAR 
(26,1,14))

-94.956 98.028 94.956 -21.662 21.662

Hybrid 3 (AUTO.ARIMA × TBATS) -182.394 189.167 182.394 -42.094 42.094
Hybrid 4 (AUTO.ARIMA × STLM (M,Ad,N)) -182.689 189.834 182.689 -42.186 42.186
Hybrid 5 (ETS (M,Ad,N) × NNAR (26,1,14)) -102.891 105.987 102.891 -23.486 23.486
Hybrid 6 (ETS × TBATS) -189.445 196.165 189.445 -43.691 43.691
Hybrid 7 (ETS × STLM (M,Ad,N)) -189.74 196.836 189.74 -43.783 43.783
Hybrid 8 (NNAR × TBATS) -104.444 108.225 104.444 -23.869 23.869
Hybrid 9 (NNAR × STLM (M,Ad,N)) -103.034 105.574 103.034 -23.46 23.46
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Hybrid 10 (TBATS × STLM (M,Ad,N)) -194.876 201.572 194.876 -44.898 44.898
Hybrid 11 (AUTO.ARIMA × ETS × NNAR) -128.523 133.515 128.523 -29.612 29.612
Hybrid 12 (AUTO.ARIMA × ETS × STLM) -183.229 190.393 183.229 -42.316 42.316
Hybrid 13 (AUTO.ARIMA × ETS × TBATS) -183.032 189.954 183.032 -42.254 42.254
Hybrid 14 (Full Ensemble) -152.926 157.413 152.926 -35.172 35.172

Figure 13: Forecast comparison across hybrid models

Final Forecast
The Hybrid 2 model, which combines AUTO.ARIMA 
(1,1,3) and NNAR (26,1,14) were selected as the final 
forecasting models due to their superior predictive 
efficacy. The predicted values derived from this model 
are shown in Table 5.

Moreover, the forecast increases from 470.67 $/mt 
in April 2026 to a peak of  approximately 608.97 $/mt 
in mid-2028, followed by a decline to about 446.67 $/
mt by December 2030. This pattern suggests an initial 
upward price trend, followed by a market correction in 
later periods.

Table 5: Selected forecast values from the Hybrid 2 model
Month Forecast Lo80 Hi80 Lo95 Hi95
2026-04 474.54 452.7 503.08 439.37 516.41
2026-12 512.36 399.02 561.27 356.07 604.22
2027-06 573.06 383.11 578.61 331.36 630.36
2027-12 566.98 372.91 589.82 315.49 647.24
2028-06 608.97 365.55 627.9 304.05 659.4
2028-12 596.19 359.78 604.17 295.1 668.85
2029-06 561.04 354.99 609.31 287.68 676.63
2029-12 515.6 350.83 613.73 281.24 683.32
2030-06 466.07 347.08 617.65 275.46 689.27
2030-12 446.67 343.63 621.23 270.15 694.71
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Lo80 and Hi80 represent the lower and upper bounds 
of  the 80% prediction interval, while Lo95 and Hi95 
represent the 95% prediction interval.
The forecast from the Hybrid 2 model is presented in 
Figure 14. The figure shows the historical soybean 
price series, along with projected values through 2030. 

The prediction intervals expand as the forecast horizon 
expands, signifying increasing uncertainty over time. This 
trend corresponds to standard time-series forecasting 
behavior, wherein long-term projections are more 
unpredictable.

Figure 14: Forecast from the Hybrid 2 (ARIMA × NNAR) model

Discussion
The findings provide important insights into soybean 
price volatility and the relative performance of  alternative 
forecasting models. The descriptive and statistical study 
indicates that soybean prices demonstrate significant 
variability, a long-term upward trend, and instances of  
increased volatility, especially following the mid-2000s. 
This volatility may be associated with biofuel expansion, 
trade changes, financial-market disruptions, and COVID-
19-related shocks (Katuwal et al., 2026). This pattern is 
consistent with previous research that emphasizes the 
impact of  global demand-supply differences, climate 
changes, and policy measures on agricultural commodity 
prices (Goodwin & Schnepf, 2000; Sands et al., 2014; 
Rosegrant et al., 2012; Bathla, 2012). The observed 
volatility shows the necessity for resilient forecasting 
systems that can accommodate both structural changes 
and short-term fluctuations. The empirical findings 
from the model estimation indicate that the auto 
ARIMA technique identified a non-seasonal ARIMA 
(1,1,3) specification. This result indicates that the series 
dynamics are mostly influenced by trends and short-term 
dependencies rather than significant seasonal persistence. 
Similar findings have been reported in the literature, 
indicating that ARIMA models proficiently capture 
linear temporal patterns but may inadequately address 
nonlinear and unpredictable variations in agricultural 
prices (Kmytiuk et al., 2024; Zevallos-Aquije et al., 2025). 
Moreover, the good residual diagnostics and lack of  
significant autocorrelation confirm that the chosen 
ARIMA model effectively represents the linear structure 
of  the series (Yu et al., 2014; Xue & Hua, 2016).
Nevertheless, the comparative forecasting results indicate 
that linear models alone are insufficient to achieve high 
prediction accuracy. The NNAR model outperforms 
ARIMA, ETS, TBATS, and other comparable models 
by yielding reduced RMSE, MAE, and MAPE values 
(Perone, 2022). This outcome corresponds to prior 

research indicating that neural network models are more 
efficient at capturing nonlinear linkages and complex 
relationships in economic and agricultural time series 
(Jha & Sinha, 2013; Punyapornwithaya et al., 2023). The 
exceptional efficacy of  NNAR in this study emphasizes 
the nonlinear and volatile characteristics of  soybean 
prices, which typical linear methods fail to adequately 
capture. Furthermore, the findings strongly support the 
efficacy of  hybrid modeling methodologies. Although 
NNAR was identified as the best-performing individual 
model, the hybrid ARIMA–NNAR model (Hybrid 2) 
achieved the lowest overall forecast errors, outperforming 
all individual and ensemble models. The hybrid ARIMA–
NNAR model (Hybrid 2) attains the minimal forecast 
errors compared to all other models, indicating a 
noticeable improvement in predictive accuracy. This 
discovery corresponds with the theoretical claim that 
hybrid models can incorporate the advantages of  linear 
and nonlinear methodologies, therefore offering a more 
thorough depiction of  time-series dynamics (Khashei & 
Bijari, 2011, 2012). Similar empirical evidence has been 
shown in agricultural and financial forecasting, indicating 
that hybrid models are consistently superior to individual 
models (Khandelwal et al., 2015; Kumar & Thenmozhi, 
2014).
The forecast comparison shows large differences in 
uncertainty among the models. Linear models like 
ARIMA and ETS yield broader prediction intervals, 
indicating greater forecast uncertainty, while NNAR 
and hybrid models produce more consistent and steady 
forecasts. This finding indicates that nonlinear and 
hybrid methodologies not only improve point forecast 
precision but also improve the reliability of  forecast 
distributions (Parviz et al., 2023; Haque et al., 2014). These 
improvements are especially significant in agricultural 
markets, where uncertainty strongly influences decision-
making processes. The ultimate forecast results suggest 
that soybean prices are projected to rise in the short 
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term, peak between 2027 and 2028, and subsequently 
fall progressively towards 2030. This anticipated trend 
illustrates the cyclical characteristics of  commodity 
markets and may be affected by expected changes in 
global supply, demand, and market dynamics. Similar 
cyclical patterns have been observed in prior research 
on agricultural pricing dynamics, wherein periods of  
price rise are frequently followed by market corrections 
(Goodwin & Schnepf, 2000). The expanding prediction 
intervals highlight the core uncertainty linked to long-
term forecasts, a prevalent issue in time-series analysis 
(Makridakis et al., 2018; Hyndman & Athanasopoulos, 
2018).

Policy Implications
The findings of  this study have significant policy 
implications aimed at improving decision-making in 
soybean markets. The extreme price volatility and nonlinear 
dynamics shown in the soybean price series suggest 
that traditional linear models alone may be insufficient 
for market planning under volatile price conditions. 
The superior performance of  the NNAR and Hybrid 
(ARIMA–NNAR) models indicates that policymakers 
should implement advanced forecasting systems that 
integrate both linear and nonlinear components. These 
models can be integrated into national and regional 
market information systems to provide more precise 
and prompt pricing indications. This would facilitate 
improved planning for production, storage, and marketing 
strategies. Moreover, governments might leverage these 
forecasts to formulate more adaptive policies for buffer 
stock management, import-export regulation, and price 
stabilization, especially during expected price spikes or 
market adjustments.
The anticipated price trend, which indicates a short-term 
increase followed by a decrease towards 2030, shows the 
necessity for early and strategic governmental initiatives. 
For example, early warning systems that leverage 
accurate forecasts can help farmers and traders refine 
their strategies, including optimizing planting decisions, 
timing market entry, and managing storage. Additionally, 
investments in infrastructure, including storage facilities 
and supply chain optimization, are essential to mitigate 
the adverse effects of  price volatility. These findings 
underscore the need to integrate data-driven technologies 
into agricultural policy frameworks. By implementing 
these measures, policymakers might improve resilience in 
soybean markets, increase farmers’ income stability, and 
facilitate a more effective allocation of  resources within 
the agricultural sector.

CONCLUSION 
This study concludes that soybean price dynamics are 
mainly driven by long-term movement, volatility, and 
nonlinear variation rather than strong seasonal persistence. 
The comparison results indicate that dependence on 
linear models alone is insufficient, as nonlinear and 
hybrid methods, especially NNAR and ARIMA–NNAR 

combinations, provide significantly greater forecasting 
accuracy by effectively capturing complex market 
dynamics. The primary value of  this study lies not only 
in determining the optimal model but also in establishing 
that a combination of  linear and nonlinear information 
is essential to improving forecasts in volatile agricultural 
markets. The findings offer strong evidence that advanced 
and hybrid forecasting frameworks are better suited to 
facilitate decision-making in soybean markets.
Future studies should extend this work by incorporating 
external variables such as weather conditions, trade policies, 
exchange rates, stock levels, and demand-supply shocks. 
The utilization of  advanced methodologies, such as deep 
learning models (e.g., Long Short-Term Memory (LSTM) 
and Gated Recurrent Unit (GRU)) and regime-switching 
or structural break models, may improve forecasting 
performance by effectively capturing complex temporal 
patterns and unexpected market shifts. Extending the 
analysis to multivariate or panel data frameworks across 
nations would improve the generalizability and policy 
significance of  the findings. Ultimately, the incorporation 
of  real-time data and the assessment of  models across 
various market conditions should yield more resilient and 
practical insights for farmers, traders, and policymakers.
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