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Abstract: Soybeans, a vital source of protein for animal feed and an essential industrial raw material,
are the most traded agricultural commodity worldwide. Accurate price forecasting is crucial for main-
taining a resilient global food supply chain and has significant implications for agricultural economics
and policymaking. This review examines over 100 soybean price forecast models published in the last
decade, evaluating them based on the specific markets they target—futures or spot—while highlight-
ing how differences between these markets influence critical model design decisions. The models are
also classified into AI-powered and traditional categories, with an initial aim to conduct a statistical
analysis comparing the performance of these two groups. This process unveiled a fundamental gap in
best practices, particularly regarding the use of common benchmarks and standardised performance
metrics, which limits the ability to make meaningful cross-study comparisons. Finally, this study
underscores another important research gap: the lack of models forecasting soybean futures prices
in Brazil, the world’s largest producer and exporter. These insights provide valuable guidance for
researchers, market participants, and policymakers in agricultural economics.

Keywords: soybean; price forecast; artificial intelligence; futures market; spot market

1. Introduction

World food security is a pressing global concern, occupying a central position on the
agendas of world leaders and international bodies like the Food and Agriculture Organ-
isation of the United Nations (FAO) (Food and Agriculture Organization of the United
Nations 2023). Despite being listed as one of the Sustainable Development Goals (SDG 2),
the eradication of hunger remains a formidable challenge. As brought by the FAO report
“The State of Food Security and Nutrition in the World 2023”, the intensification of major
drivers of food insecurity and malnutrition—conflict, climate extremes, economic slow-
downs, and growing inequality—often occurring in combination, has hindered progress
towards achieving the SDG2 targets.

Agriculture is the main pillar of food security and therefore stands as a strategic
sector, reflecting the collective determination of nations to safeguard the food security of
their populations. However, it is also a sector burdened with high risks. These risks stem
from the inability to control all variables impacting agricultural outcomes, such as adverse
weather conditions, pest infestations, economic downturns, as evidenced by the COVID-19
pandemic, and international conflicts disrupting demand, among others. The repercussions
of these risks manifest in fluctuations in agricultural commodity prices. As highlighted by J.
Wang et al. (2022), such price volatility serves as a critical factor influencing both economic
development and political stability.
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Given the volatility in agricultural commodity prices, accurate price forecasting is
vital for maintaining stability in global food supply chains and ensuring food security.
Precise predictions facilitate optimal resource allocation, risk management, and strategic
decision-making for farmers and soybean processing industries. Traders and investors
benefit from reliable price forecasts for informed trading strategies. Policymakers use
forecasts to shape stable agricultural policies, contributing to global food security. Timely
and precise predictions enhance the efficiency of resource allocation, minimising the impact
of market fluctuations on food prices (Food and Agriculture Organization of the United
Nations 2023). Forecasting in agricultural commodity markets plays a pivotal role in
ensuring a resilient and sustainable global food supply chain.

This need for reliable forecasting drives ongoing research into developing and improv-
ing price-prediction models. Several research papers (Wang et al. 2020; Wihartiko et al.
2021; Sun et al. 2023) have explored the research landscape and exposed the multitude of
methods and their strengths and limitations and pointed to future trends.

L. Wang et al. (2020) present a chronological evolution of forecast models, organising
them into three major groups: traditional, intelligent, and hybrid models. They identify
the initial papers adopting each group, along with the limiting factors addressed by the
introduction of each new group from the prior existing ones. Figure 1 summarises the most
relevant outcomes of their review.

Economies 2024, 12, x FOR PEER REVIEW 2 of 25 
 

Given the volatility in agricultural commodity prices, accurate price forecasting is 
vital for maintaining stability in global food supply chains and ensuring food security. 
Precise predictions facilitate optimal resource allocation, risk management, and strategic 
decision-making for farmers and soybean processing industries. Traders and investors 
benefit from reliable price forecasts for informed trading strategies. Policymakers use 
forecasts to shape stable agricultural policies, contributing to global food security. Timely 
and precise predictions enhance the efficiency of resource allocation, minimising the 
impact of market fluctuations on food prices (FAO 2023). Forecasting in agricultural 
commodity markets plays a pivotal role in ensuring a resilient and sustainable global food 
supply chain. 

This need for reliable forecasting drives ongoing research into developing and 
improving price-prediction models. Several research papers (Wang et al. 2020; Wihartiko 
et al. 2021; Sun et al. 2023) have explored the research landscape and exposed the 
multitude of methods and their strengths and limitations and pointed to future trends. 

L. Wang et al. (2020) present a chronological evolution of forecast models, organising 
them into three major groups: traditional, intelligent, and hybrid models. They identify 
the initial papers adopting each group, along with the limiting factors addressed by the 
introduction of each new group from the prior existing ones. Figure 1 summarises the 
most relevant outcomes of their review. 

 
Figure 1. Summary of the literature review on agricultural product price forecasting methods by L. 
Wang et al. (2020). 

Wihartiko et al. (2021) use a data mining approach to produce an overview based on 
the appearance of words in the articles. The results showed the methods commonly used 
in articles published between 2006 and 2020 were AI (30%), data mining (22%), and 
regression (18%). They recognise the difficulty of predicting prices in a complex supply 
chain and suggest a future development that would utilise the concept of the multi-
objective optimisation problem (MOOP) and neural networks to build a model called the 
“integrated smart pricing model”. This model would forecast the optimal price and 
optimal sales time by considering the economic constraints of agricultural business. 

Sun et al. (2023) identify the use of hybrid models as a future trend and the adoption 
of structured and non-structured data for model input as a future trend. They recommend 
that future proposals should focus on ensuring not only accuracy but also the trend of 
forecasts. 

Figure 1. Summary of the literature review on agricultural product price forecasting methods by L.
Wang et al. (2020).

Wihartiko et al. (2021) use a data mining approach to produce an overview based
on the appearance of words in the articles. The results showed the methods commonly
used in articles published between 2006 and 2020 were AI (30%), data mining (22%), and
regression (18%). They recognise the difficulty of predicting prices in a complex supply
chain and suggest a future development that would utilise the concept of the multi-objective
optimisation problem (MOOP) and neural networks to build a model called the “integrated
smart pricing model”. This model would forecast the optimal price and optimal sales time
by considering the economic constraints of agricultural business.

Sun et al. (2023) identify the use of hybrid models as a future trend and the adoption of
structured and non-structured data for model input as a future trend. They recommend that
future proposals should focus on ensuring not only accuracy but also the trend of forecasts.

However, there is a gap in the literature demonstrating how important aspects related
to the business environment where the models are created to operate are influencing the
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model design and its performance. As an example, the soybean spot market has inherently
different dynamics compared to the soybean futures market (Hernandez and Torero 2010).
We hypothesise that, instead of reviewing the corpus of published models as a single cluster,
as conducted by previous literature reviews, evaluating them through the lens of the specific
markets they are designed to serve will yield valuable insights. This approach will help
map how the differences between spot and futures markets influence critical model-related
design decisions, including the selection of forecast methods, input features, and forecast
horizons. Such insights will be relevant in guiding researchers and practitioners in selecting
or developing models that enhance decision-making and business operations within their
respective market contexts. Additionally, the literature lacks a rigorous quantitative analysis
to substantiate the frequent claim that AI improves forecast accuracy in the agricultural
commodity price forecasting field. We hypothesise that a comprehensive statistical analysis
of published model results will demonstrate that AI-based models consistently outperform
traditional models in terms of accuracy. This statistical approach aims to provide empirical
evidence supporting the growing affirmation of AI’s superiority in this domain, filling a
critical gap in the existing literature.

Thus, this review aims to achieve two objectives: (i) to comprehensively analyse the
landscape of soybean price forecast models across diverse market types, encompassing the
exploration of forecast horizons, prevalence of model categories, complexity of observed
features, and representativeness of key producing and consuming regions, and (ii) to
produce quantitative evidence to support statistically significant conclusions regarding
which type of model has demonstrated the best performance results to date. This work
can serve as a reference for researchers and various agents of the soybean supply chain,
guiding those interested in conducting research, developing models, or selecting suitable
ones to enhance their business operations.

2. Scope and Methods

The scope of this literature review article revolves around an in-depth examination
of published articles focusing specifically on soybean price forecast models. Notably, this
review deliberately excludes other agricultural commodities and soybean by-products
such as soybean oil and meal, as their distinct ecophysiological behaviours and market
characteristics could potentially confound the comparison of forecast models’ performance.
Factors such as the number of crops per year, sensitivity to weather variations, volume of
production, and importance within the global food supply chain vary significantly among
different agricultural commodities. By narrowing the focus solely to soybeans, this review
aims to mitigate the influence of these exogenous variables, thus facilitating a more accurate
assessment of the performance of various forecast methods.

In conducting this literature review, we followed the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) guidelines (Page et al. 2021) for iden-
tifying, screening, and selecting the articles to be included in this review. Additionally,
we incorporated a second stage into the process to guide the extraction, screening, and
selection of the forecast models from the chosen articles. The comprehensive process is
depicted in Figure 2, outlining the systematic approach undertaken. Detailed descrip-
tions of the steps for selecting articles and models are provided in the following two
sections below.
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2.1. Article Selection

The scientific database utilised for this review was the Web of Science, chosen for
its comprehensive coverage of the scholarly literature. The search strategy began with a
Boolean combination of terms aimed at identifying publications related to the subject of the
study with a Boolean combination of terms of agriculture (“agriculture” OR “agricultural”),
price (“price” OR “pricing”), and forecast (“forecast” OR “forecasting”), culminating in
an initial corpus of 1399 scientific papers. Though the scope of this review is specifically
focused on soybean commodities, a broader array of commodities was included in the
search process to provide an initial comparative context of soybean representation within
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the broader agricultural price forecast domain. A series of filters were then applied to
narrow down the publications to the ones relevant to this study. These filters included the
following: a filter considering publication year, where publications from the last 11 years
were maintained (2013–2023); a filter by document type to restrict the outcome only to
research articles; a language filter to retain English and Portuguese research articles; and an
inclusion of the term “soy” OR “soybean” in the search query.

The screening phase commenced with 96 articles. Following a thorough examination
of abstracts, an additional 69 articles were excluded as they did not align with the specified
criteria for soybean price forecasting despite being retrieved through the search query
parameters outlined in the preceding paragraph. The reasons for exclusion were categorised
into 3 distinct scopes, denoted as Scope#1, Scope#2, and Scope#3, elaborated below.

Scope#1 encompassed articles primarily focused on market-related metrics other than
price. Out of the 15 articles classified under this category, 7 were dedicated to predicting
price volatility, such as Marfatia et al. (2022), Chiang et al. (2019), Wang et al. (2023), and
Luo et al. (2022), 4 to forecasting price trends, e.g., Xu et al. (2021) and Gu et al. (2019), and
4 to projecting price confidence intervals, gains, and variances, such as Luo et al. (2023),
David et al. (2017), and Triantafyllou et al. (2015), respectively.

Scope#2 referred to articles excluded from the analysis due to their focus on studying
the market’s nature and correlations rather than price forecasting. This category comprised
33 articles. A recurring theme identified was the examination of price correlations between
various commodities, including both agricultural and non-agricultural commodities such as
oil, as observed in articles by Chatziantoniou et al. (2021), Wei (2019), David et al. (2019),
Uçak et al. (2023), Fiszeder and Orzeszko (2018), and Kumar et al. (2023). Additionally,
investigations into the impact of the World Agricultural Supply and Demand Estimates
(WASDEs) issued by the United States Department of Agriculture (USDA) on soybean market
prices were explored in articles by Isengildina-Massa et al. (2017), Xiao et al. (2017), Goyal
and Adjemian (2023), Karali et al. (2020), Karali et al. (2019), and Fernandez-Perez et al. (2019).
Furthermore, other examples included analyses of how extreme events may affect soybean
prices, as evidenced in articles by Su et al. (2022) and Singvejsakul et al. (2021).

Scope#3 comprised articles not associated with the soybean market or its market price.
For instance, the articles by Doi et al. (2020), Iizumi et al. (2018), McNairn et al. (2014),
Iizumi et al. (2013), Nejad et al. (2023), and Ju et al. (2021) primarily addressed soybean
crop yield prediction rather than price, thus necessitating their removal from consideration.
This category represented 21 articles.

Three of the twenty-seven full articles intended for retrieval were unavailable in
repositories accessible to this research team. Consequently, 24 articles were available for
the subsequent phase of data collection, which aimed to catalogue forecast models.

2.2. Cataloguing of Soybean Price Forecast Models

The articles were meticulously reviewed to extract the models presented. In addition to
extracting the information of the newly proposed models, alternative models developed in
the article for comparative analysis were also of interest for this review and therefore were
also captured. Thus, it was possible to extract 200 different models from the 24 reviewed
articles.

Each model was labelled into one of three major categories. We replicated the same
categories adopted by Wang et al. (2020) and repeated by Sun et al. (2023) in their literature
reviews concerning agricultural price forecast models. The three categories are traditional
models, intelligent models, and hybrid models, as detailed below. Examples of identified
articles from each category are provided in Table 1.

Traditional models comprise models based on techniques like regression analysis,
time series analysis, including popular methods such as autoregressive integrated moving
average (ARIMA) and other variants, and grey forecasting methods, originally introduced
by Deng (1989).
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Table 1. Examples of traditional, intelligent, and hybrid price forecast models included in this review.

Category Application Example Reference

Traditional
methods

A price forecast model based on seasonal autoregressive integrated moving
average (SARIMA) and using price time series as input. Feliciani et al. (2015)

A price forecast model based on autoregressive integrated moving average
(ARIMA) and using price time series as input. Li et al. (2022)

Intelligent
methods

A model based on the wavelet neural network (WNN) is optimised by the
Glowworm Swarm Optimisation algorithm. Puchalsky et al. (2018)

A model based on the gradient boosting regression tree (HGBR) utilises price
time series and sentiment analysis from data-mined terms as input. Reis Filho et al. (2022)

Hybrid
methods

This study uses dynamic model averaging (DMA) and dynamic model
selection (DMS) framework to develop a forecasting model. It has eight
predictors, which allows both coefficients and forecasting models to evolve
over time.

Xiong and Hu (2021)

An ensemble model based on extreme gradient boosting machine (XGB). Ribeiro and Coelho (2020)

Intelligent models comprise models that use AI mechanisms in their forecast process
and that gained high relevance in the agricultural price forecasting field due to their ability
to capture the nonlinear patterns and to deal with a common lack of normality from input
variables affecting the commodity market price (Sun et al. 2023). Examples of methods
found in this field are neural networks in their various forms, such as Long- and Short-Term
Memory (LSTM) (An et al. 2023a, 2023b; Wang et al. 2022), and other methods such as
support vector machines (Jiang et al. 2019) and Bayesian networks (Drachal 2019).

Hybrid models comprise models that use a combination of two or more forecast
models internally and combine their results to achieve a final forecast price number.

A considerable amount of data required to elaborate this review were extracted from
each model, and the information is offered as Supplementary Materials in this article. The
most relevant information retrieved includes the list of items presented below.

Observed features comprise a list of all variables used by the model as inputs to
construct their predictions.

Observed features’ sampling frequency refers to the time frequency at which features
are observed, such as daily, weekly, or monthly information used.

The forecast horizon is the length of time into the future for which forecasts are to be
prepared. This aspect is particularly pertinent because longer forecast horizons often yield
lower precision, attributable to heightened uncertainty, the accumulation of errors, and the
dynamic nature of systems, among other factors (Döhrn and Schmidt 2016). Consequently,
comparing models with varying forecast horizons might erroneously suggest one model’s
inferiority over another, when in fact, any disparities in forecast error could stem from the
longer forecast horizon of one model relative to its comparator.

Market region refers to the specific geographical area for which the model aims to
predict prices (USA, Chicago Board of Trade; India, Akola District Market).

Price type classifies the models into spot or futures prices, reflecting the type of market
they intend to forecast. Spot price is the cash price for the immediate purchase and sale of
the commodity, whereas the futures price is the price specified in an agreement (futures
contract) to deliver a specified quantity of a commodity at a specific future date (Hernandez
and Torero 2010). The futures contracts are important because they represent a financial tool
that can be used by any entity to protect its operation against the soybean price fluctuation
risk (Hernandez and Torero 2010).

Evaluation metrics capture all models’ performance metrics reported in the articles,
such as the Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and
Root Mean Squared Error (RMSE), among others.

Quantitative results capture the value reported for each evaluation metric.
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The screening phase began by identifying a common performance metric that would
allow for a standardised comparison of model performance across different articles. After
reviewing all the reported performance metrics, the MAPE emerged as the most commonly
available metric. Its prevalence across the reviewed papers made it a suitable candidate
for establishing a relative comparison metric. As such, the screening process focused on
models reporting the MAPE to ensure consistency and comparability in the analysis.

The screening phase started with identifying a performance metric that should be
elected for comparing models’ performance against each other. The selected metric was the
MAPE as this is a dimensionless metric and would accommodate the fact soybean prices
in different regions are measured using different units (e.g., USD/bushel or BRL/ton).
Moreover, the MAPE was one of the most commonly reported metrics in the population of
articles analysed. The second step was to mark among the 200 extracted models those that
offered MAPE results. In the end, 154 models providing MAPE results were identified and
included in the quantitative analysis.

This review comprises four sections. Section 1 provides a basic overview of the subject,
followed by the scope and outline of this paper (Section 2). Section 3 discusses the various
findings obtained from the analysis of the published models included in this review, and
Section 4 brings a summary of conclusions, recommendations, and areas for future research
around the topic covered.

3. Findings
3.1. Market Coverage

By analysing the final 24 papers included in this review, it is noticeable that there
is a stronger research focus on the markets of the United States and China, with these
two regions encompassing more than 70% of the research papers included in this review
(Table 2a).

Table 2. Market coverage by scientific papers: (a) distribution of articles per market region; (b) distri-
bution of articles per market region and price type.

(a)

Article per Market Region

USA China Brazil Others

All articles
10 7 4 3

42% 29% 17% 13%

(b)

Articles per Market Region

USA China Brazil Other

Price Type

Futures Price
6 4 0 0

60% 40% 0 0

Spot Price 4 3 4 3

29% 21% 29% 21%

Going one step further, and categorising these numbers by price type, including
futures and spot prices (Table 2b), it becomes evident that the distribution of models for
forecasting futures price is responsible for the skewness mentioned in the prior paragraph.
The data in Table 2b reveal that all models related to futures price are focused solely
on the USA or China. There are no models for futures price covering any other region,
including Brazil, despite it being the largest soybean producer and exporter across the
world (Dohlman et al. 2001).

A review of the current global soybean market reveals that Brazil is the largest producer
and the biggest exporter of this commodity (Dohlman et al. 2001). Notably, Brazil not only
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surpassed the USA in 2019 as the biggest producer (Klein and Luna 2021) but also, in 2022,
its share of the global soybean exports accounted for an impressive 50% of the total volume
traded worldwide (Grand View Research 2024).

As a consequence, all stakeholders in the global soybean supply chain, ranging from
countries reliant on imports of this commodity like China, which alone accounts for 70%
of global imports (Grand View Research 2024), to industries using soybeans for livestock
feed, oil production, biofuels, food, etc., are inevitably impacted by fluctuations in Brazilian
production. Accordingly, as stated by the CME Group (Coughlin and Sutton-Vermeulen
n.d.), with Brazil’s rise as the world’s largest producer and exporter of soybeans, financial
markets need to offer futures contracts linked to prices in Brazil so that entities with global
soy exposure can effectively manage their risks.

Upon observing the data associated with the importance of countries within the
soybean market compared to the regions covered by the articles included in this review, the
conclusion is that the published academic research lags behind the current market trends
and needs. Addressing this gap by developing models focused on forecasting futures
prices for Brazil represents a compelling opportunity for future research to enhance the
understanding and management of risks within the dynamic soybean market landscape.

3.2. Forecast Horizon and Price Type

As mentioned in Section 2.2, the forecast horizon is the length of time into the future
for which forecasts are to be prepared. The forecast horizon is commonly quantified in steps,
with steps referring to an observation interval used in the forecasting process (Hyndman
and Athanasopoulos n.d.).

All 24 models reviewed in this article adopt one step ahead as the primary forecast
horizon. Additionally, five models (Ahumada and Cornejo 2016b; Crespo Cuaresma et al.
2021; Li et al. 2022; Puchalsky et al. 2018; Jiang et al. 2019) forecast not only one step ahead
but multiple steps. For example, Ahumada and Cornejo (2016b) provide three different
forecasts: one step ahead, two steps ahead, and four steps ahead. The model presented by
Crespo Cuaresma et al. (2021) extends the forecast horizon further, providing forecasts for
one, three, six, nine, and twelve steps ahead.

While the adoption of a one-step-ahead forecast horizon by all 24 models initially
suggests a significant similarity, we aimed to explore the actual time duration of this step
and whether different patterns emerge when comparing the duration of the forecast horizon
step between models forecasting the futures market and those forecasting the spot market.
To do so, we captured the time length interval of one step for each model and plotted the
distribution of all 24 models, also labelling the market type (Figure 3).

The forecast horizon considered by the articles covered in this review ranges from one
day to one full year ahead. Upon examining the forecast horizon chosen by the authors,
it becomes evident that those creating models to forecast futures prices tend to focus on
shorter horizons compared to those forecasting spot prices (Figure 3). This divergence in
horizon selection can be explained by the distinct objectives behind these forecasts.

In financial markets, where futures contracts are used, the primary motivation is often
related to trading and risk management, particularly hedging price risks for producers and
processors (Ouyang and Zhang 2020). These market participants benefit from shorter-term
point forecasts that are aligned with trading frequency to optimise profitability and manage
price volatility. Speculators in the futures markets also contribute to this focus on shorter
horizons, as they react to frequent market fluctuations. Futures prices, driven by both
speculative and hedging activities, are influenced by a multitude of volatile factors such
as geopolitical events, macroeconomic indicators (e.g., oil prices, stock market indices,
exchange rates), and interest rates, which contribute to the necessity for shorter forecast
horizons (Ahumada and Cornejo 2016a; Drachal 2019; Xiong and Hu 2021).
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Figure 3. Distribution of articles by their proposed model’s forecast horizon and their split by price type.

On the other hand, forecasting spot prices serves a different economic purpose. Spot
prices are more directly tied to domestic supply and demand conditions and reflect longer-
term economic trends. Consequently, models designed to forecast spot prices often priori-
tise longer horizons, focusing on period averages to inform investment decisions, trade
terms, and broader macroeconomic factors. As pointed out by Xu et al. (2022), long-term
forecasts provide insights into future trends rather than reacting to immediate volatility,
making them more relevant for strategic decisions in sectors such as production planning,
logistics, and large-scale investments.

Therefore, the selection of forecast horizons aligns closely with the underlying objec-
tives of the forecast: shorter horizons for trading and financial purposes, where managing
immediate price volatility is critical, and longer horizons for economic purposes, where
understanding trends and period averages provides actionable insights for broader eco-
nomic activities.

3.3. Nominal vs. Real Price Forecast

The distinction between forecasting nominal prices (unadjusted for inflation) and real
prices (adjusted for inflation) is crucial for understanding their practical applications. While
nominal prices reflect current market prices without adjusting for inflation, real prices
provide a clearer view of the true purchasing power of money over time, making them
essential for long-term analysis.

This distinction is particularly important for stakeholders making long-term decisions,
such as industries planning significant investments in production and infrastructure. For
these industries, real prices allow for more accurate forecasts of future costs and returns,
providing a solid foundation for decisions involving capital expenditures. In contrast,
nominal prices are often of greater interest to market speculators, who focus on short-term
trading and seek to capitalise on immediate price fluctuations. Farmers, however, may find
value in both perspectives depending on their time horizon. For day-to-day operational
decisions, such as selling crops or making purchases, nominal prices are more relevant
because they align with short-term cash flow needs and immediate market conditions.
On the other hand, for long-term planning—such as making equipment investments or
deciding on next season’s crop choices—real prices become more important, as they help
farmers anticipate the impact of inflation on future purchasing power and profitability.
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Therefore, while nominal prices are crucial for immediate market decisions, real prices offer
a deeper understanding of long-term value and purchasing power.

In this review, we labelled the 24 articles according to whether they forecast real or
nominal prices. The results show that all of them focus on nominal prices. While this may
be linked to the relatively short-term forecast horizons they use (maximum of 1 year, as
shown in Section 3.2), it suggests that not all stakeholders in the soybean supply chain are
adequately served by the current research.

3.4. Real-Time vs. Non-Real-Time Data Utilisation

A key aspect of evaluating the practical application of soybean price forecast models
is determining whether they are based on real-time data or non-real-time data. Real-time
data refer to information available at the moment of forecasting, without the benefit of later
revisions or updates. In practical applications, especially in volatile markets like soybean
futures, forecasts must rely solely on data available in real time. Non-real-time data, on
the other hand, often include revisions—such as updates to macroeconomic indicators
or trade volumes—that may not be available or updated when the forecast is actually
made. Models that do not account for real-time constraints can produce overly optimistic
results, as they benefit from hindsight. This can lead to misleading performance metrics in
research articles, where models are trained and validated on historical data that include
such revisions. In actual production, however, these updates may not be readily available
at the time of forecasting, which can result in the model’s real-world performance being
less accurate than what the reported metrics suggest.

Figure 4 displays the distribution of articles by market type (futures and spot) and
their utilisation of real-time and non-real-time data. Notably, all models forecasting prices
in the futures market exclusively used real-time data. This finding underscores the critical
need for timely and up-to-date information when forecasting futures prices, likely due
to the volatility and rapid shifts in futures markets. On the other hand, among the spot
market models, there is a more varied approach: out of the fourteen spot models analysed,
seven utilised non-real-time data, while seven utilised real-time data. This suggests that
for spot price forecasting, non-real-time data, which may include revisions and updates,
are less critical. This difference highlights the varying data requirements and flexibility
between futures and spot market models, where spot markets may tolerate delayed data
revisions, while futures markets demand real-time responsiveness.
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3.5. End-of-Period vs. Period Average Price Forecasts

End-of-period forecasts predict the price at a specific point in time, such as the last day
of a month or quarter, while period average forecasts predict the average price over a set
time period (e.g., the daily average across a month). This distinction is significant because
each approach serves different practical purposes. End-of-period forecasts are commonly
used in financial markets, where traders and investors base decisions on closing prices
at specific intervals. In contrast, period average forecasts are more useful for long-term
planning and economic analysis, where decisionmakers focus on overall trends rather than
short-term fluctuations.

The inclusion of this breakdown is intended to highlight the importance of clarifying
the forecast methodology in studies, as different users of these models—such as farmers,
policymakers, and traders—require different information based on their respective decision-
making horizons. Moreover, inconsistent reporting of whether models forecast end-of-
period or period averages complicates cross-study comparisons, potentially leading to the
misinterpretation of results.

Figure 5 illustrates the distribution of the 24 articles included in this literature review,
categorising them based on whether they forecast end-of-period prices or period average
prices and by market type (futures and spot). For futures market models, 90% of the articles
forecast end-of-period prices, with only one utilising period averages. This single futures
market article executing period average forecasting is Tang et al.’s (2023) article, which
proposes a model to forecast weekly futures prices and, to overcome issues like missing
daily price data due to holidays, decided to convert daily end-of-period price data into
weekly average price data. In contrast, all spot market models exclusively focus on period
average prices, with no end-of-period forecasts present in the reviewed literature. This
distinction reflects the differing priorities between futures and spot markets—where futures
models emphasise short-term precision at specific points in time, and spot market models
focus on broader trends over a set period.
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3.6. Model Category and Price Type

Models designed to forecast futures prices often use hybrid approaches more fre-
quently than those focused on forecasting spot prices (Figure 6). The agricultural com-
modity futures market, as noted by Wang et al. (2022) and Huchet-Bourdon (2011), is
influenced by a multitude of factors such as economic globalisation, financial speculation,
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climate change, and oil price fluctuations. This creates a highly complex and nonlinear en-
vironment, making accurate forecasts more challenging. Hybrid models have thus become
more prominent in the futures market due to their ability to capture these complexities
by combining multiple forecast models to improve accuracy. For instance, Wang et al.
(2022) employed an Artificial Bee Colony (ABC) algorithm in their hybrid model to forecast
soybean futures prices, combining three denoising techniques (Singular Spectral Analysis,
Empirical Mode Decomposition, and Variational Mode Decomposition) with different
forecasting sub-models to filter noise and enhance prediction.
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Traditional models, as used in both futures and spot price forecasting, rely on well-
established statistical and econometric methods such as regression analysis and time series
models like ARIMA. These models are favoured for their simplicity and robustness when
dealing with linear relationships. Traditional models are especially prevalent in the spot
market where price behaviour is often seen as being less volatile than futures markets. For
example, ARIMA and its variants have long been employed in commodity price forecasting
due to their ability to capture and model time-dependent structures within the data (Deng
1989). However, these models may struggle with the nonlinearities that are characteristic
of agricultural futures markets, which may explain their lower usage in futures price
forecasting. Despite their limitations in handling complex patterns, traditional models
remain a foundational approach due to their transparency and interpretability.

Intelligent models leverage AI techniques, including neural networks, support vector
machines, and Bayesian networks, to capture nonlinear patterns and deal with the chal-
lenges of abnormal data distribution that are often present in agricultural markets (Sun
et al. 2023). These models are gaining significant traction in both futures and spot price
forecasting due to their capacity to process large datasets and discover hidden relationships
that traditional models may miss. For example, LSTM networks (An et al. 2023b) have been
applied successfully to forecast prices in markets with complex temporal dependencies.
However, while intelligent models excel in dealing with nonlinearities, they often face
challenges related to overfitting, requiring careful tuning and validation. Xiong and Hu
(2021) propose a dynamic model averaging (DMA) and dynamic model selection (DMS)
framework that evolves over time, reflecting the continuous changes in the predictors
affecting futures prices.

Hybrid models combine the strengths of multiple forecasting methods, blending tra-
ditional, intelligent, and sometimes other forecasting approaches to create more resilient
predictions. This combination allows hybrid models to handle both the linear and non-
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linear aspects of price movements, making them particularly effective in markets with
high volatility and complexity. For instance, dynamic model averaging frameworks and
ensemble learning techniques are used to pool the outputs of different sub-models, which
can reduce the individual biases of each component model and enhance overall accuracy.
In hybrid systems, forecast averaging is often employed, where the final forecast is derived
as the weighted or simple average of multiple sub-model predictions.

In summary, the diverse model categories—traditional, intelligent, and hybrid—are
applied differently depending on the complexities inherent in the futures and spot markets.
The increasing complexity of futures markets has necessitated the rise of hybrid models,
while traditional models still hold relevance in simpler spot market forecasting. As the
field continues to evolve, intelligent models are emerging as an essential tool in handling
nonlinear patterns, though their susceptibility to overfitting and the need for careful cali-
bration remain critical considerations. The combination of different forecasting approaches
within hybrid models presents a promising avenue for addressing the diverse challenges of
agricultural price forecasting, particularly in futures markets where volatility is high.

3.7. Observed Features

The 200 forecast models extracted from the 24 articles analysed in this paper have used a
wide variety of inputs (observed features) to produce their forecasts. As a reference, the model
proposed by Xu et al. (2022) is fed with 25 variables, including information like soybean
planted area, import and export volumes for the commodity, labour cost, land cost, and
number of pigs expected by the end of a targeted year, among others. Ahumada and Cornejo
(2016a) use 20 different inputs varying from soybean-related data, such as its price and its
inventory, to other substitute commodities (e.g., corn) and macro- and microeconomic indexes
(e.g., country GDP, currency exchange rate). Some models such as those of An et al. (2023a)
and Reis Filho et al. (2022) use data mining techniques and apply sentiment analysis to these
data to identify emerging impacting trends that could affect the price.

As an experiment to search for patterns among the available data, we have clustered
all the different model inputs using an adaptation of the categories proposed by Xiong and
Hu (2021) and bundled the observed features into four categories:

Price time series: this category is associated with the utilisation of historical data of
the soybean commodity price, which correspond to the most frequent input utilised by the
models—in fact, 83% of the 24 articles included in this review use soybean price time series
as an input to their models.

Soybean market fundamentals: this category includes soybean-related indicators, such
as soybean planted area and supply and demand, substitute commodity information (e.g.,
wheat and corn inventories and prices), and correlated commodity (e.g., annual biofuel
production) information.

Macro- and microeconomic indicators: this category encompasses observed features
like country GDP, currency exchange rate, SP500 index, and oil price.

Emerging impacting trends: this last category reflects models containing data mining
techniques and sentiment analysis to capture the influence of trending exogenous variables
over the price.

Table 3 displays examples of the observed feature types.
The 24 articles were labelled with all applicable input categories. Each article was then

assigned a score from 1 to 4 to reflect the number of input categories it uses, constituting a
metric we termed observed feature complexity. As an example, the model from Ribeiro
and Coelho (2020) was ranked with a score of 2 as it uses soybean price time series at
Paranaguá port (price time series category) and exchange rate plus ethanol price (macro and
microeconomic indicators category). The model from An et al. (2023a) scored a 4 because
of the usage of inputs like soybean price, USD to CNY exchange rate, soybean volume,
and trending soybean-related data extracted from the Weibo platform. Consequently, it is
considered to have a higher observed feature complexity compared to that in Ribeiro and
Coelho (2020). The findings are presented in the next subsections.
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Table 3. Types of observed features.

Input Type Application Example Reference

Price time series
A hybrid model to forecast the USA futures market using
soybean futures price history. D. Y. Wang et al. (2017)

A hybrid model to forecast Brazil’s spot market using soybean
spot price history among others. Ribeiro and Coelho (2020)

Soybean market
fundamentals

AI-based model to forecast China’s soybean spot price taking as
input soybean planted area, total production, and crushing
volume, among others.

C. Xu et al. (2022)

A traditional model to forecast the USA’s soybean spot price
considering USA, Brazil, and Argentina production volumes,
among others.

Crespo Cuaresma et al. (2021)

Macro- and
microeconomic

indicators

A hybrid model to forecast China’s futures market considering
USD/CNY exchange rate and crude oil spot price, among others. Xiong and Hu (2021)

A hybrid model to forecast USA spot market utilising energy
prices, biodiesel production, and S&P 500 index, among others. Drachal (2019)

Emerging market
trends

A hybrid forecast model for China futures market using
sentiment from social media text analysis, among others. An et al. (2023b)

An intelligent forecast model for USA futures market using
domain-specific words acquired via data mining. Reis Filho et al. (2022)

3.7.1. Distribution of Observed Feature Complexity by Model Category

Table 4a displays the distribution of observed feature complexity for each model
category. The data reveal that traditional, intelligent, and hybrid model categories have a
similar internal distribution of their observed feature complexity, with approximately 50%
of the models presenting an observed feature complexity equal to 1. Two outcomes emerge
from this scenario:

• Since all three model categories present similar results, there is no evidence suggesting
that the observed feature selection made by researchers correlates with a model
category choice.

• There appears to be a common explanation for the prevalence of models containing a
single observed feature complexity across all model categories, as approximately 50%
of models in each category display this characteristic.

In investigating the reason behind the prevalence of models with an observed feature
complexity equalling to 1, we delved deeper into the articles encompassing these models
(Feliciani et al. 2015; Jiang et al. 2019; Li et al. 2022; Mahto et al. 2021; Manogna and Mishra
2021; Pinheiro and Senna 2017; Puchalsky et al. 2018; Wang et al. 2017; Wang et al. 2022;
Xu and Zhang 2022; Yin and Wang 2021). It was noticed that all the models scoring 1 on
observed feature complexity share the same input feature: time series. Clues for a plausible
hypothesis that could explain the common exclusive use of time series as the observed
feature selected by researchers are mentioned in two other articles, Huang et al. (2020) and
Yin and Wang (2021). Although the proposed models in these articles are not of complexity
1, they introduce the concept of the Efficient Market Hypothesis (EMH), first formulated
by economist Eugene Fama in 1970 (Fama 1970). The concept is that a commodity market
could be considered an informationally efficient market, meaning the price history and
status fully reflect all available information, and additional input data may not significantly
enhance forecast accuracy. It is important to say that the EMH is the subject of ongoing
debate and criticism, and further research would be required to draw any firm conclusions.
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Table 4. Observed feature complexity: (a) distribution of observed feature complexity by model
category, (b) distribution of observed feature complexity by price type, and (c) distribution of observed
feature complexity by intelligent and non-intelligent models.

(a)
Observed Feature Complexity Weighted avg.

Complexity1 2 3 4
Traditional 50% 25% 25% 0% 1.8
Intelligent 50% 25% 25% 0% 1.8

Hybrid 42% 25% 25% 8% 2.0
(b)

Observed Feature Complexity Weighted avg.
Complexity1 2 3 4

Spot 36% 21% 36% 7% 2.1
Futures 60% 30% 10% 0% 1.5

(c)
Observed Feature Complexity Weighted avg.

Complexity1 2 3 4
Intelligent 53% 29% 12% 6% 1.7

Non-intelligent 29% 14% 57% 0% 2.3

3.7.2. Distribution of Observed Feature Complexity by Price Type

Table 4b shows the distribution of observed feature complexity for each price type. The
majority of models forecasting futures price use a single category of input features. On the
other hand, models forecasting spot prices have a more distributed complexity, showcasing
models containing all levels of complexity. To simplify the visualisation of this complexity
difference, we calculated a weighted average complexity of the set of models contained
in each of the two price types. These values are also shown in Table 4b and convey the
set of models used to forecast spot prices have on average (avg. 2.1) a higher degree of
complexity regarding the input features than the models created to forecast futures prices
(avg. 1.5). These data show that the complexity and multitude of factors affecting the
futures price are not driving a more complex selection of input features when compared
against models design to forecast spot market prices.

3.7.3. Distribution of Observed Feature Complexity by Intelligent and Non-Intelligent
Models

During the extraction phase of the models, those classified as hybrids also received a
sub-category classification, indicating whether the model was composed of a combination
of traditional sub-models, a combination of traditional and intelligent sub-models, or a
combination of only intelligent sub-models. This sub-classification allowed us to separate
the models into two groups: one called intelligent models, clustering all models that
included any level of AI mechanism in their forecast process, and another called non-
intelligent models for all the rest. The traditional models were also allocated to the non-
intelligent models group, while the models within the intelligent category were allocated
to the intelligent models group. We then analysed the complexity of the observed features
of these two new categories. The results are shown in Table 4c. Non-intelligent models
presented a higher complexity than intelligent models.

3.8. Evaluating Benchmarks in Soybean Price Models

Recent advancements in the forecasting literature have raised critical concerns regard-
ing the validity of methods used to evaluate period average price forecasts. Specifically,
Ellwanger and Snudden (2023) have shown that many previous studies in the crude oil
forecasting literature incorrectly evaluated period average forecasts against a period aver-
age no-change benchmark. Their research demonstrates that the appropriate benchmark
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for period averages should instead be the end-of-period no-change benchmark, aligning
with the random walk (RW) hypothesis used in finance. This adjustment challenges the
assumption that period average no-change forecasts provide accurate benchmarks and
calls for a reassessment of past results.

In addition, Farag et al. (2024) extend this analysis to futures-based forecasts of
commodity prices, including soybeans. They argue that many prior studies used flawed
benchmarks when forecasting period average prices by comparing them to a period average
no-change benchmark, which has led to misleading conclusions. Their findings emphasise
the importance of using the end-of-period no-change benchmark to avoid distortions in
forecast evaluation.

In light of these recent findings, we reviewed the 24 papers in our literature analysis
to identify whether any of them made the methodological error of comparing period
average forecasts against the period average no-change benchmark. According to Ellwanger
and Snudden (2023) and Farag et al. (2024), using this incorrect benchmark can lead to
invalid conclusions.

To verify this, we started by identifying the articles generating period average forecasts.
We then verified whether these articles compare model results to a period average no-
change benchmark. The results of this review are presented in Table 5, which highlights
the five articles that compare period average forecasts to the period average no-change
benchmark. These articles’ conclusions regarding the performance of the proposed forecast
models against the random walk benchmark are likely questionable, as their methodology
does not align with the updated understanding from Ellwanger and Snudden (2023) and
Farag et al. (2024).

Table 5. Articles comparing period average forecasts against the period average no-change benchmark.

Article Title Reference
Forecasting food prices: The case of corn, soybeans and wheat Ahumada and Cornejo (2016a)
Out-of-sample testing price discovery in commodity markets: the case of soybeans Ahumada and Cornejo (2016b)
Analysis of Agricultural Commodities Prices with New Bayesian Model
Combination Schemes Drachal (2019)

Agricultural commodity price dynamics and their determinants: A comprehensive
econometric approach Crespo Cuaresma et al. (2021)

Agribusiness time series forecasting using wavelet neural networks and
metaheuristic optimisation: An analysis of the soybean sack price and perishable
products demand

Puchalsky et al. (2018)

3.9. Comparison of Forecast Performance: Intelligent vs. Non-Intelligent Models

One of the primary questions this literature review seeks to address is whether soybean
price forecast models that apply Artificial Intelligence (AI) techniques outperform those that
do not. However, comparing performance across different models is not straightforward
due to several inherent challenges. One clear challenge is that models are developed
for different markets, each with its own units of measurement (e.g., USD per bushel in
the United States vs. BRL per ton in Brazil). To overcome this simple difference, one
potential solution is to use dimensionless performance metrics such as the Root Mean
Square Percentage Error (RMSPE) or MAPE.

However, while these metrics allow for comparisons across units, they cannot address
other challenges and may still lead to distorted results. For example, models that use the
same daily data sampled at different frequencies, such as daily versus monthly data, can
produce different performance metrics. Daily data capture more granular movements and
short-term fluctuations, often leading to smaller percentage errors and more precise short-
term predictions. In contrast, monthly data average out daily fluctuations but introduce
larger forecast errors due to the increased uncertainty over longer periods. Consequently,
models forecasting monthly prices generally produce larger percentage errors than those
predicting daily prices. As a result, comparing raw MAPE or RMSPE values across models
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with different data sampling frequencies and forecast horizons can lead to misleading
conclusions.

The methodology described by Hewamalage et al. (2023) and followed by Filippidis
et al. (2024) emphasises the importance of normalising model comparisons by using a
common benchmark, such as the RW model, and reporting forecast performance as ratios
relative to this benchmark. This approach, exemplified in the equation below using the
RMSE, allows for an appropriate comparison of different models:

Relative RMSE =
RMSEmodel
RMSERW

where the following variables are used:

• RMSEmodel is the RMSE of the forecast model being evaluated.
• RMSERW is the RMSE of the RW benchmark.

This approach accounts for differences in forecast volatility, data frequencies, and
samples, providing a clearer and more standardised comparison of forecast accuracy.
Applying such a benchmark ensures that performance comparisons between AI-based and
non-AI models are both fair and accurate, regardless of the inherent differences in market
context, data sampling, or forecast horizon.

Based on the above, a sequence of four steps was carried out. The first step was
to map the most reported performance metrics used in the 24 articles. The second step
involved identifying which of these articles reported the RW benchmark. The third step
was to calculate the relative metric, and finally, the samples were divided into two groups—
intelligent models and traditional models—in preparation for the statistical comparison of
these populations. The results of these screening steps are shown in Table 6.

Table 6. Pre-statistical test screening steps: (a) most reported performance metric, (b) RW benchmark
availability and accuracy, and (c) split into traditional and intelligent groups.

(a)
Total number of articles: 24

Most reported metrics
Articles Percentage of total

MAPE 17 71%
RMSE 16 67%

(b)
Total number of RW articles/(models): 7/(81)

Proper RW calculation Inaccurate RW
Articles Models Articles Models

2 8 5 73
29% 10% 71% 90%

(c)
Total number of proper RW and RMSE models: 8

Traditional Intelligent
7 1

The screening of the performance metrics revealed there was not a common candidate
across all articles. The most reported metric was the MAPE, reported in 17 out of 24 articles
(71% of the total), followed by the RMSE, present in 16 out 24 articles (67% of the total)
(Table 6a).

The second step was to identify which articles reported the performance of the RW
forecast as part of their benchmark results. After reviewing the twenty-four articles, we
found that only seven articles, encompassing a total of 81 models, reported the performance
of the RW benchmark. Of the seven articles, only two (Xiong and Hu 2021; Xu and Zhang
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2022) correctly applied the methodology by using end-of-period values to establish the RW
benchmark. As discussed in Section 3.8, the remaining five articles inappropriately used a
period average no-change benchmark instead of the end-of-period no-change benchmark,
which is consistent with the recent findings of Ellwanger and Snudden (2023) and Farag
et al. (2024). Consequently, these five articles were excluded from further analysis (Table 6b).
This filtering process resulted in only two articles, containing a total of eight models, which
met the common benchmark criteria. These two articles (Xiong and Hu 2021; Xu and Zhang
2022) proposed eight models focused on forecasting end-of-period soybean futures price
for a 1-day forecast horizon. Xu and Zhang (2022) focus on forecasting Chicago Board of
Trade (CBOT) prices, while Xiong and Hu (2021) focus on the Dalian Commodity Exchange
(DCR), China.

These eight models reporting RW also shared RMSE as a common performance metric.
Using this information, they had their relative performance metric calculated and were
separated based on their intelligent or non-intelligent model classification. The traditional
group accounted for seven of these models (Table 6c), and the distribution of their RMSE
presented a median of 0.84, shown in the box plot of the interquartile range (Figure 7). Only
one model belonged to the intelligent group, showing a relative RMSE of 1.00.
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This insufficient number of data points on intelligent models made it unfeasible to
carry out the statistical analysis to determine whether intelligent and non-intelligent mod-
els exhibit any statistically significant difference in performance. More importantly, this
review process highlights a significant opportunity for improvement in the field of soybean
price forecasting, particularly in the adoption of common benchmarks, such as the RW
model, and in ensuring consistency when reporting performance metrics. Establishing
a consensus on benchmark practices and performance metrics would significantly en-
hance the robustness of model comparisons and facilitate consistent evaluations across
different studies.

4. Summary and Conclusions

In light of the extensive analysis conducted on soybean price forecast models pub-
lished in the last 11 years and covering spot and futures market types, encompassing
various forecast horizons, model categories, observed feature complexities, and representa-
tions of key producing and consuming regions, this review has pursued two overarching
objectives: (i) to comprehensively examine the landscape of soybean price forecast models,
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distinguished between those covering futures price forecasts and those covering spot price
forecasts, and (ii) to generate quantitative evidence supporting statistically significant
conclusions regarding the performance of different model types within each distinct group.

The key conclusions drawn from this work include the following:

• Market coverage: Upon observing the data associated with the importance of countries
within the soybean market compared to the regions covered by the articles included
in this review, the conclusion is that the current state of the art in this field is falling
short of the current market trends and needs. Observing the case of Brazil makes it
clear that, despite being the largest producer and exporter of soybeans worldwide,
the country is not represented in the group of models used to forecast futures prices.
This is despite the real business need for stakeholders in the soybean supply chain to
hedge their risks against Brazil’s soybean price volatility.

• Forecast horizon and price: The selection of forecast horizons in soybean price models
is driven by the underlying objectives of the forecast. Models focused on financial
markets, particularly futures prices, emphasise shorter horizons to manage immediate
price volatility and optimise trading strategies. In contrast, models forecasting spot
prices prioritise longer horizons, reflecting the strategic needs of economic planning
and investment decisions. This duality in horizon selection underscores the importance
of aligning model design with the market context in which it operates, offering tailored
solutions for distinct market participants.

• Nominal vs. real price forecast: The analysis revealed that all models in this review
focus on forecasting nominal prices, which may be adequate for short-term decision-
making but could overlook the needs of stakeholders requiring long-term planning,
such as industries making capital investments.

• End-of-period vs. period average price forecast: This review highlights a clear divi-
sion in the approach taken by futures and spot market models, with futures models
predominantly focusing on end-of-period prices and spot market models centring on
period averages. This differentiation suggests that futures market participants, includ-
ing traders and investors, require precise, time-specific forecasts to inform short-term
decisions. On the other hand, stakeholders in the spot market, such as policymakers
and long-term planners, may prioritise overall price trends and therefore benefit from
period average forecasts.

• Model category and price type: The analysis reveals that hybrid models dominate in
forecasting futures prices due to their ability to account for the high levels of complex-
ity and volatility present in these markets. Traditional models, while simpler and more
interpretable, are more commonly used in spot price forecasting, where market condi-
tions are generally less volatile. Intelligent models are applied in both market types.
Overall, the findings highlight the importance of selecting the appropriate model type
based on the specific dynamics and challenges of the market being forecasted.

• Observed features: There is no evidence suggesting that the input features’ selection
correlates with a model category choice of traditional, intelligent, or hybrid. The higher
forecast complexity of the futures market is not driving a more complex selection
of input features when compared to models designed to forecast spot market prices.
Finally, non-intelligent models presented a higher observed feature complexity than
intelligent models.

• Evaluating benchmarks in soybean price models: A critical finding emerged from the
recent advancements in the literature by Ellwanger and Snudden (2023) and Farag et al.
(2024), which raised significant concerns about the use of period average no-change
benchmarks in the evaluation of period average forecasts. These studies demonstrated
that such benchmarks are inappropriate and often lead to misleading conclusions and
that the correct benchmark should be the end-of-period no-change benchmark. Upon
reviewing the twenty-four articles included in our analysis, we identified five papers
that made this methodological error, making their results questionable under the revised
framework proposed by Ellwanger and Snudden (2023) and Farag et al. (2024).
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• Comparison of forecast performance of intelligent vs. non-intelligent models:

# This review identified significant challenges in comparing soybean price fore-
cast models, stemming from the lack of standardised benchmarks and common
performance metrics. The inconsistencies in benchmark application and perfor-
mance metrics across studies limit the ability to robustly evaluate and compare
model accuracy.

# Lack of RW or no-change benchmarks: One notable challenge encountered
during this review was the limited number of papers that reported the RW
or no-change benchmark. Only seven out of twenty-four articles provided
this benchmark, with five of them later being excluded due to methodological
inconsistencies. This is a critical limitation because the RW benchmark provides
a very relevant reference point for understanding a model’s true performance.
The absence of this benchmark in many studies inhibits cross-comparisons
and makes it difficult for researchers to assess how proposed models perform
relative to a simple, well-understood standard.

# Inconsistent use of performance metrics: Another significant barrier to cross-
comparing models is the lack of common performance metrics across studies,
which further limits the number of candidate models available for comparison.

# The findings emphasise the critical need for a unified approach in soybean price
forecasting research. Specifically, using a consistent benchmark like the RW
model and adopting a common set of metrics would enable more meaningful
comparisons and facilitate the tracking of advancements in the field.

The recommendations of this review are as follows:

• Market coverage: Given the underrepresentation of Brazil in models focused on fore-
casting futures prices, there is a compelling opportunity for future research to address
this gap. Pursuing this avenue of investigation could significantly enhance our under-
standing and management of risks within the dynamic soybean market landscape.

• Nominal vs. real price forecast: Future research should explore the development
of models that forecast real prices, providing a more comprehensive tool for stake-
holders concerned with long-term profitability and the effects of inflation on the
soybean market.

• Real-time vs. non-real-time data utilisation: For those models that utilise non-real-time
data, it is recommended that future research examine and report the performance of
models in real-world production environments, where access to updated data may
be limited. This could involve testing model robustness when real-time data are not
available, simulating conditions where data updates are delayed or incomplete.

• End-of-period and period average price forecast: Given the potential for the misin-
terpretation of forecast results when studies do not explicitly state whether they use
end-of-period or period average methods, future research should standardise the
reporting of forecast methodologies. Researchers should clearly indicate the type of
forecast being produced to facilitate more consistent cross-study comparisons and
ensure that the forecast methods align with the needs of the targeted stakeholders.
Additionally, exploring hybrid approaches that balance both end-of-period precision
and period average trends could provide a more comprehensive view, accommodating
a wider range of decision-making needs across both futures and spot markets.

• Observed features: For upcoming research on forecast models in the futures market,
the current trend of utilising hybrid approaches as an alternative to dealing with the
complexity and nonlinearity of this market should be coupled with an increase in the
variety of input factors for those models, exploring AI’s ability to identify complex
correlations among seemingly unrelated data.

• Evaluating benchmarks in soybean price models: Future studies should incorporate
the end-of-period no-change benchmark for evaluating period average forecasts to en-
sure their results are robust and valid. This adjustment is crucial for forecasting models,
as improper benchmarks can significantly distort model performance evaluations.
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• Evaluating benchmarks in soybean price models: Researchers should revisit any
existing work that used the period average no-change benchmark for period average
forecasts. The conclusions from such studies may need to be revised or recalibrated in
light of the methodological insights provided by the recent literature.

• Comparison of forecast performance of intelligent vs. non-intelligent models: The lack
of common benchmarks and performance metrics across various articles highlights the
need for greater standardisation in reporting forecast model performance. This would
not only allow for meaningful comparisons among models but also enable the field to
track progress more effectively, ultimately fostering the development and evolution of
soybean price forecasting research. The following recommendations are made:

# Authors should prioritise the adoption of a common benchmark, such as the RW
hypothesis used in finance, when reporting the performance of soybean price
forecast models. This, along with the use of standardised performance metrics,
would establish a consistent basis for comparison across different studies.

# Journals and conferences could promote guidelines for reporting forecasting
results, including the recommended benchmarks and performance metrics, to
ensure consistency and improve the quality of comparisons within the price
forecasting community.
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