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Abstract 

This study reveals the dynamic relationship between extreme weather and 
agricultural market fluctuations by constructing an econometric model. It uses the 
Ordinary Least Squares (OLS) method to conduct linear and nonlinear dimensional 
analyses, and integrates artificial intelligence technologies to improve prediction 
accuracy. The study finds that linear models are suitable for describing the 
cumulative effects of conventional disasters, while nonlinear extensions can 
capture the abrupt change characteristics in extreme scenarios. Meanwhile, by 
combining data preprocessing and extreme event identification with artificial 
intelligence, it proposes an approach to provide quantifiable decision-making tools 
for agricultural financial risk management and establish a full-chain risk prevention 
and control system of "monitoring-prediction-hedging". 
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1. Introduction 

1.1 Background and Significance 

Agriculture stands as the cornerstone of global food security and economic 

stability, yet it remains acutely vulnerable to the escalating impacts of climate 

change. The past decade has witnessed a surge in the frequency and severity of 

extreme weather events—such as droughts, floods, heatwaves, and storms—

causing significant disruptions to crop yields, livestock health, and agricultural 

supply chains. For instance, the United States Department of Agriculture 

reported alarming declines in Kansas's hard red winter wheat condition and yield 

in 2023, starkly contrasting with results from just two years prior. These events 

exemplify the profound and growing threat climate volatility poses to agricultural 

economies worldwide, creating an urgent need for proactive and sophisticated 

risk management tools. 

Traditional approaches to managing agricultural risk, such as crop insurance and 

futures markets, are increasingly inadequate in this changing landscape. Crop 

insurance often relies on manual disaster identification, leading to slow claims 

settlement and inaccurate loss assessments. Pricing models based primarily on 

historical data fail to adequately account for the heightened and novel risks 

introduced by accelerating climate change. This critical gap underscores the 

limitations of conventional methods in addressing the complexities and 

uncertainties inherent in modern climate-agriculture-market interactions. 

1.2. Research Gaps and Objectives 

While Artificial Intelligence (AI) has shown significant promise in enhancing 

agricultural resilience—through applications like advanced weather forecasting 

using satellite imagery and IoT sensors, crop yield prediction, and production 

optimization—a crucial gap persists. Existing research largely treats AI 

applications in isolation, failing to systematically integrate AI-powered insights with 

financial risk management frameworks. For example, highly accurate AI drought 

forecasts are rarely translated into actionable inputs for designing dynamic 

insurance products or informing algorithmic hedging strategies in futures markets. 

Furthermore, the complex mechanisms through which extreme weather 

propagates into market volatility—including supply chain bottlenecks, price 

transmission delays, and regional trade imbalances—remain underexplored within 

an AI context. This disconnect between predictive capability and actionable 

financial risk mitigation represents a significant missed opportunity. 



This gap motivates our research and underpins the “AI-Driven” focus of this paper. 

We argue that AI is not merely an auxiliary tool but a transformative driver capable 

of revolutionizing how agricultural financial risks are managed in the face of climate 

extremes. AI’s unique strengths—particularly in automated data preprocessing 

(handling massive, heterogeneous datasets like weather, satellite imagery, market 

feeds), intelligent feature engineering and variable screening (identifying key 

drivers and complex interactions), and potentially enhancing predictive modeling—

are essential for capturing the dynamic, nonlinear relationships between extreme 

weather and market responses. Integrating these AI capabilities with established 

econometric analysis is key to unlocking more accurate, timely, and actionable 

insights for risk management. 

1.3. Research Objectives and Framework 

This study aims to bridge this critical gap by developing and demonstrating an 

integrated, AI-driven framework for predicting the impact of extreme weather on 

agricultural market volatility and enhancing financial risk management. Specifically, 

we seek to: 

Develop an AI-Augmented Forecasting Framework: Construct a novel framework 

that integrates diverse data streams (meteorological, crop model outputs, market 

data, macroeconomic indicators) using AI techniques for preprocessing and 

feature engineering. This framework employs econometric models, specifically 

Ordinary Least Squares (OLS) enhanced with nonlinear extensions, to quantify the 

dynamic relationship between extreme weather events and near-term agricultural 

futures market volatility. The core innovation lies in leveraging AI to prepare the 

data and identify critical features before econometric modeling, significantly 

enhancing predictive accuracy and model interpretability. 

Assess AI-Enhanced Financial Instruments: Compare the effectiveness and utility 

of AI-powered financial risk management tools, such as parametric insurance 

products triggered by AI-predicted weather indices and algorithmic trading 

strategies in futures markets informed by AI-generated volatility forecasts. 

Evaluate Economic and Societal Benefits: Quantify the potential economic gains 

(e.g., reduced losses, optimized hedging) and broader societal benefits (e.g., 

improved market stability, enhanced food security resilience) achievable through 

the adoption of AI-driven agricultural financial risk management approaches. 

1.4. Outline of the Paper 

The remainder of this paper is structured as follows: Section 2 presents a 

comprehensive literature review, synthesizing research on AI in 



agriculture/meteorology, agricultural market volatility, and financial risk 

management, highlighting the gaps this study addresses. Section 3 details our 

methodology, including data sources (Section 3.1: meteorological, agricultural 

market, macroeconomic/financial), the construction of our AI-augmented OLS 

regression model (Section 3.2, explaining the choice of OLS for interpretability and 

the role of AI in preprocessing and feature engineering), the dependent variable 

definition (Section 3.3: lead high-low volatility), independent variables and feature 

engineering (Section 3.4: weather-related, macroeconomic, market/lagged), and 

model performance evaluation (Section 3.5). Section 4 presents the empirical 

results of our analysis. Section 5 discusses the key findings, their implications for 

financial risk management, and the realized value of the “AI-Driven” approach. 

Finally, Section 6 concludes, summarizing the contributions and outlining future 

research directions. Through this structure, we provide a clear roadmap for 

leveraging AI to safeguard agricultural markets against climate-induced volatility. 

2 Literature Review 
This literature review examines the crossover of AI-based forecasting and the 

effects of extreme weather patterns, the instability of agricultural trading markets, 

and the improvement of financial risk management procedures in agriculture, 

drawing from the given sources. 

2.1. AI Applications in Agricultural and Meteorological Forecasting 

Artificial intelligence is being progressively regarded as a revolutionary technology 

for improving agriculture-related forecasts, particularly meteorological conditions. 

Bano et al. (2023) illustrates the contribution of accurate weather forecasting in 

initiating sustainable agricultural productivity. The research explores the 

intersection of AI and Parallel Distributed Computing (PDC) in transforming 

agricultural forecasting and their ability to provide solutions that improve 

agricultural sustainability and productivity. Both AI and PDC have the potential to 

improve the accuracy of crop yield forecasting, disease recognition and prevention, 

and optimization of resource usage. This research approach can easily generate 

large-scale spatiotemporal data relating to the agricultural system and 

consequently enrich agricultural predictions. The motivation behind the research 

is the overwhelming influence of environmental variables on agricultural yields, an 

influence that increasingly becomes unpredictable due to environmental 

anomalies. Inability to adhere to weather forecasts and administer relevant 

material corrective measures can adversely affect agricultural production (Bano et 

al., 2023; Hachimi et al., 2023). 



Hachimi et al. (2023) explores the use of artificial intelligence in the management 

of meteorological data for agriculture. The proposed system utilizes state-of-the-

art statistical techniques combined with deep - learning and machine - learning 

techniques to extract useful information from raw weather data. One of its 

applications is the time-series prediction of meteorological data. Weather 

prediction is a valuable component of agricultural management practice, such as 

operations like the initiation of irrigation and the choice of crop type. This system 

leverages diverse sources of data, i.e., real-time sensors and reanalysis datasets, 

and artificial intelligence techniques, namely deep learning, to address shortages 

of data and enhance the accuracy of weather-related information (Bano et al., 

2023). 

2.2. AI and Machine Learning for Agricultural Market Volatility 

Unlike other research focusing on the contemporary-day effects of meteorological 

conditions on agricultural productivity, Li et al. (2025) and Osorio et al. (2024) focus 

on the use of PCA-LSTM models to forecast agricultural stock volatility, showing 

that machine learning improves prediction accuracy under volatile conditions. This 

research is aware that agricultural production is very sensitive to environmental 

conditions, due to weather conditions (in the non-positive meaning here), 

agricultural equities tend to be more exposed compared to regular financial 

equities. By designing many explanatory variables, some of which may be 

weather-dependent, both traditional models (HAR-RV) and machine learning 

methods (LSTM) enhance their prediction capabilities. In particular, the PCA-

LSTM model, in which these kinds of variables are merged through Principal 

Component Analysis, is the best approach in predicting agricultural stock volatility 

(Osorio et al., 2024; Li et al., 2025). These findings point to promising applications 

regarding the potential future use of machine learning and artificial intelligence in 

the subject of financial risk management, specifically the assessment and 

estimation of the fluctuation in the volatility of agricultural markets (Li et al., 2025). 

2.3. Financial Risk Management and the Role of Agricultural Insurance 

Abrego-Perez et al. (2023) primarily address agricultural weather risk using PCA 

and SSA within an index insurance framework. In this study, a framework is 

suggested that will evaluate financial risks to crops in regions vulnerable to erratic 

weather conditions by applying Principal Component Analysis (PCA) and Singular 

Spectrum Analysis (SSA) to rainfall data. It uses the financial risk measure 

obtained from this process, referred to as the payouts - in - exceedance ratio 

(POER), to predict the resulting implications for index insurance systems. This 

research results in a better-understood concept of designing agricultural hedging 

insurance products in heavily crop-dependent economies. Index insurance that 



provides payment based on meteorological conditions is identified as a major 

instrument for managing financial risks (Abrego-Perez et al., 2023; Li et al., 2025). 

Osorio et al. (2024) investigate the relationship between government-subsidized 

insurance and agricultural AI. The study shows that AI's capacity to reduce the 

volatility and outcomes of climate losses could lead to a reduced net exposure of 

the implied total expenses of insured farmers. This proposal implies that AI-

augmented forecasting of adverse weather conditions could significantly improve 

the contribution of agricultural insurance, a central financial risk-management tool. 

The study formulates a model for integrating AI and existing government-

subsidized insurance systems with an emphasis on reduced premiums. It also 

proposes that increasing the use of AI in agriculture may be possible through the 

redeployment of government subsidies linked to insurance. Through enhancing 

risk assessment techniques, artificial intelligence is able to strengthen the 

sustainability and robustness of the agricultural insurance industry (Osorio et al., 

2024; Abrego-Perez et al., 2023). 

2.4. AI-Enhanced Risk Assessment in Agricultural Insurance 

Many studies on, such as Osorio et al. (2024), investigate artificial intelligence's 

ability to direct risks in agricultural insurance. Improvement in the accuracy of 

predictions and better-structured, more granular risk models as a result of AI 

adoption may inherently decrease insurance companies' exposure to risk. Such 

development can stimulate insurance companies to more willingly invest in and 

back AI-boosted agriculture practice, valuing the advantages resulting from lower 

uncertainty levels coupled with customized insurance offerings (Osorio et al., 2024; 

Abrego-Perez et al., 2023). For instance, deep learning methods can radically 

enhance predictions on climate change-induced risks, boosting both the accuracy 

of agricultural insurance and its adequacy for particular climatic events. Besides, 

AI applications in the accurate identification of livestock can minimize false claims 

and, meanwhile, enhance the risk assessment processes. Furthermore, AI 

technology has a crucial part in evaluating agricultural conditions via satellite 

imagery and remote-sensing data, which enables insurers to estimate approximate 

losses (Osorio et al., 2024). 

2.5. Challenges, Limitations, and Future Research Directions 

While artificial intelligence holds great promise, there are a variety of issues 

concerning its utilization in the agricultural sector, including data quality and 

integrity issues, algorithmic challenges, as well as scalability concerns, particularly 

concerning meteorological data (Bano et al., 2023; Hachimi et al., 2023). In terms 

of predicting changes in agricultural inventories, future studies ought not to limit 

their focus to meteorological data but also consider additional elements, including 



financial markets and cyclical trends (Li et al., 2025). More empirical studies need 

to shed light on how the risks for insurers can be minimized by utilizing AI in 

agriculture before these actors can effectively facilitate the utilization of AI (Osorio 

et al., 2024; Abrego-Perez et al., 2023). 

2.6. Conclusion 

The general overview of the literature validates the perception that AI technologies' 

prediction of adverse weather conditions can significantly alter the volatility of 

agricultural markets and improve financial risk management within the agricultural 

sector. AI and machine learning algorithms are being applied to refine predictions 

on weather conditions and crop yields, which are valuable for comprehending as 

well as reducing the risks involved in extreme weather events (Hachimi et al., 

2023). AI is also being applied in the prediction of the direction of agricultural stock 

prices, thereby underlining its application in financial markets (Li et al., 2025; 

Abrego-Perez et al., 2023). Agricultural insurance, and especially when supported 

by AI for improved risk analysis, is an effective tool for financial risk management. 

Subsidies by the government can play a crucial role in influencing the adoption 

and development of artificial intelligence technologies in agriculture, thereby 

facilitating the construction of a more robust and insurable agricultural sector 

(Osorio et al., 2024; Abrego-Perez et al., 2023). 

3. Methods  

3.1. Data Sources 

A large sample covering 2013 to 2023 was employed to examine the determinants 

of volatility in the U.S. Hard Red Winter Wheat futures market. The final panel 

consists of 3,973 daily observations that comprise meteorological, agricultural, 

macroeconomic, and financial factors. The factors are normalized to capture 

lagged impacts, nonlinearities, and market aberrations. 

Meteorological data—daily maximum and minimum temperatures (°C) and 

precipitation (mm)—were retrieved from the Automated Climate Data Integration 

System (ACIS) in Kansas State. These parameters are used to construct squared 

temperature terms (to permit potential nonlinear impacts), extreme weather 

observations (e.g., occurrences of rainfall exceeding the long-run mean plus three 

standard errors), and 3-day lags to permit lagged market response to weather 

shocks. 

Kaggle supplied daily Hard Red Winter Wheat futures market data. The dependent 

variable of high-low volatility is the high-low range divided by the closing price and 

lagged three days to capture short-run uncertainty. Annual wheat production data 



as a supply-side control variable were procured from the United States Department 

of Agriculture's National Agricultural Statistics Service (USDA-NASS) (United 

States Department of Agriculture, 2023). 

Inflation data was collected from the World Bank and expressed in terms of yearly 

percentage changes within the United States Consumer Price Index (CPI), thus 

capturing macroeconomic uncertainty and its effects on commodity market 

processes (World Bank, 2023). Exchange rates, i.e., USD/JPY and USD/MXN, 

were collected daily from Investing.com with 3-day lagged values to account for 

the effect of exchange rate volatility on the competitiveness of wheat exports in the 

major import countries, i.e., Japan and Mexico. In addition, the U.S. Dollar Index 

(DXY), representing relative U.S. dollar strength, was used in the form of the daily 

percent change to account for the overall monetary conditions on commodity 

prices. 

All daily datasets were merged on date as a common key. Annual variables 

(production and inflation) were merged with the daily dataset via temporal 

aggregation. Derived indicators and lagged variables were constructed to account 

for both lagged response and extreme event effects. The merged dataset enables 

powerful time-series regression analysis in ascertaining the effect of various 

drivers of wheat market volatility. 

3.2. Model Construction 

To assess the short-run effect of both meteorological and economic variables on 

the wheat market, we created an Ordinary Least Squares (OLS) regression model 

by using R that would predict daily volatility between high and low prices of Hard 

Red Winter Wheat futures. We employed an OLS approach instead of utilizing time 

series models or machine learning algorithms for the following reasons:. Then, not 

only do we aim with our model to forecast short-run volatility changes, but also to 

describe the marginal contribution of each explanatory variable. OLS regression 

provides easily interpretable coefficients, and we can therefore examine the impact 

of variables such as extreme temperature, inflation, and exchange rates on market 

volatility. 

Besides, our sample includes different types of data, i.e., day-to-day weather 

forecasts, macroeconomic indicators, and lagged market factors. The time series 

models have no problem with fitting an autocorrelated structure in one variable, 

but are far less successful in dealing with a large number of heterogeneous and 

external predictors. Machine learning techniques, while they can be used for 

improving predictive accuracy, are generally plagued by the lack of interpretability 

and do not provide interpretable parameter estimates. These limitations render 



them less appropriate to research whose aim is to explain relations and not to 

forecast results alone. 

The dependent variable, which we presuppose in our model, is three-day-ahead 

high-low realized volatility. In other words, volatility measurement is done three 

trading days after the value of the independent variables is determined. We do it 

for two significant reasons. First, it provides a reasonable time horizon for making 

decisions in agricultural futures markets by participants like producers, traders, and 

risk managers who require timely indication to anticipate future risks. Second, the 

inclusion of a lead variable specifies the temporal model structure and minimizes 

reverse causality and maximizes causal inference validity. 

We use an OLS regression framework to estimate the association between every 

predictor and the lead high-low volatility. The model enables us to simply interpret 

individual effects through the utilization of estimated coefficients. Linear and 

nonlinear terms are utilized in the model. More specifically, we utilize squared 

terms for maximum and minimum temperatures in order to capture the possible 

nonlinear effects of extreme weather conditions on volatility. We also incorporate 

dummy variables to control for episodes of extreme rainfall and temperature. In 

addition, a number of lagged variables are created to control for the lagged impact 

of historical weather and economic variables on market volatility. 

The structure of the model can be depicted by the following general framework: 

                          Volatilityt+3 = β0 + β1X1,t + β2X2,t + β3Dt + 𝜀𝑡                 

(1)            

where Volatilityt+3 represents the lead high-low volatility, and Xi,t indicates the 

weather predictors, macroeconomic indicators, and market-related variables.  

3.3. Dependent Variable 

The dependent variable in this study is the three-day lead of high-low volatility of 

Hard Red Winter Wheat futures, which is used to reflect the intensity of daily price 

fluctuations. High-low volatility is calculated as the relative daily price range using 

the following formula:  

                     𝐻𝑖𝑔ℎ − 𝐿𝑜𝑤 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦 =  
𝐻𝑖𝑔ℎ−𝐿𝑜𝑤

𝑃𝑟𝑖𝑐𝑒
                     

(2) 

where High refers to the highest price of the day, and Low refers to the daily lowest 

price. In addition, Price is the closing price of the day. 



Compared with price levels or percentage returns, volatility has two significant 

advantages. Economically, volatility is more closely related to market stability and 

financial risk management. Practically, volatility is more sensitive to short-run 

influences, including climatic variations, policy intervention, and other exogenous 

disturbances. 

In order to best capture the short-run market behavior, we create a high-low 

volatility lead variable by moving the original volatility measure three trading days 

ahead. That is, we consider the dependent variable at t+3 being forecast based on 

the explanatory variables at t. That is, we are examining near-future volatility 

conditional on present and recent conditions. This is an adequate temporal relation 

between the response variable and the predictors and hence allows the model to 

account for how information today can impact volatility over the near term.  

The three-day horizon is chosen to balance sensible decision horizons in finance 

and agricultural economics and the data frequency of one day. Second, it gives 

the assurance that market players such as traders or manufacturers have a finite 

but actual time period during which they can react to changed signals. 

Employing a lead variable in the regression has both methodological and practical 

benefits. To begin with, it prevents simultaneity bias by causing all the independent 

variables to precede the dependent variable temporally. This is more specifically 

targeted at the causal interpretation of the model because predictors are more 

clearly delineated from the outcome in terms of time. Second, the three-day lead 

is capturing the kind of short-run volatility that market participants must be able to 

predict if they are to be in a position to manage risk. In agricultural futures markets, 

decision-making timeliness is critical. Agricultural producers, market middlemen, 

and financial institutions will likely respond to recent economic reports, 

meteorological forecasts, and price movements within a relatively short time frame. 

This active role in model construction enhances its applicability to practical 

forecasting situations. The three-day high-low volatility lead is the dependent 

variable in the research and serves as a proxy for short-run market risk. The model 

generates predictive and explanatory power in describing the effect of exogenous 

shocks on the behavior of the futures market by linking current weather and 

economic conditions to the volatility a few days hence. 

Figure 1 is a time-series plot representing volatility in high and low points. The 

blue line indicates daily volatility of Hard Red Winter Wheat futures between the 

years 2013-2023, while the gray line depicts a 30-day moving average, which 

reflects short-run fluctuation. 



The graph shows long-term fluctuation in volatility throughout the period under 

study, with notable peaks in 2020 and 2022, possibly due to major economic or 

climatic occurrences. The moving average suggests underlying tendencies in that 

volatility does not occur randomly but according to evolving external circumstances. 

This validates the use of volatility as a primary dependent factor for the 

examination of the effects of climatic and macroeconomic factors on the market. 

 

Figure 1. High-Low Volatility with 30-Day Rolling Average 

3.4. Independent Variables and Featuring Engineering 

A wide range of independent variables is taken into account to analyze the impact 

of climatic variables, macroeconomic variables, and market-based variables on 

volatility in the wheat market. The variables are selected based on their theoretical 

significance and empirical relevance in influencing price movement in the 

agricultural futures market. 

Apart from the directly measured variables, feature engineering techniques enable 

us to include non-linear relationships, time-lagged effects, and threshold-level 

patterns. Some examples include the generation of squared terms to capture 

curvature effects, generation of dummy variables to capture extreme weather 

events, and inclusion of lagged values of certain variables to capture delayed 

market reaction. 

The next subsections overview the different kinds of independent variables in the 

model, along with the justification for including and altering them. 

3.4.1. Weather-Related Variables 

The meteorological conditions are divided into separate elements. The first one is 

the maximum temperature. The model variable Max_Temp is the highest daily 



temperature. To capture its nonlinear effect on market volatility, we include the 

squared term Max_Temp². We include a dummy variable 

Extreme_High_Temp_4_6 to capture the effect of very high temperatures for the 

peak irrigation period of April to June. This dummy variable takes the value 1 when 

the highest temperature exceeds three standard deviations above the mean 

temperature for the time of year. These extreme temperature increases can have 

negative impacts on agricultural production, jeopardize irrigation systems, and 

interfere with transportation. The nonlinear term makes the model more flexible to 

pick up these impacts. It can be observed from Figure 2 that the quadratic model 

explains a higher percentage of variance than the linear model in nearly all years, 

thereby justifying the inclusion of the squared temperature term. 

 

Figure 2. R² Comparison between Linear and Quadratic Models for Max 

Temperature (2013–2023) 

The second climatic variable we consider in this example is Min_Temp, the daily 

minimum temperature. Low temperatures can inhibit seedling emergence, retard 

growth, and even cause freezing injury under certain conditions. As such, it is 

desirable to have consideration of extreme low temperature shocks in the model. 

In order to allow for the potential of nonlinear impacts, we include the squared term 

Min_Temp² because nonlinear models have been found to provide a more realistic 

depiction of actual market response. Figure 3 shows that the quadratic model 

generates higher values of R² compared to the linear model. This kind of 

performance signals a superior overall fit and recommends that we retain the 

nonlinear minimum temperature term in the model. 



 

Figure 3. R² Comparison between Linear and Quadratic Models for Min 

Temperature (2013–2023) 

The final meteorological variable we consider is daily precipitation. In our model, 

we construct both continuous and categorical versions of this variable. 

We first compute a normalized deviation to express variability about the long-run 

average. Then we create two dummy variables: Extreme_High_Rainfall, which 

takes the value 1 when rainfall is higher than the mean plus three standard 

deviations, and Extreme_Low_Rainfall, which takes the value 1 when it is lower 

than the mean minus three standard deviations. The inclusion of these threshold 

variables is intended to capture the immediate and residual impact of aberrant 

rainfall behavior, which has the potential to severely hamper harvesting, planting, 

and transportation activities. 

As observed in Table 1, the Extreme_Low_Rainfall indicator yields NA results, 

indicating that extreme drought events are practically nonexistent in Kansas during 

the period of study. Interestingly, as observed, Extreme_High_Rainfall exerts a 

statistically significant and positive impact on volatility, while its nonlinear term is 

statistically insignificant. This corroborates the employment of threshold-based 

dummy variables compared to continuous transformations for the estimation of 

rainfall impacts. 

 

Table 1. Regression results including normal rainfall and extreme rainfall dummies 

Variable estimate std.error statistic p.value Significance 

(Intercept) 0.02313 0.00002 1190.54984 0.00000 *** 



Variable estimate std.error statistic p.value Significance 

Normal_rainfall 0.00005 0.00003 1.66475 0.09596 . 

I(Normal_rainfall^2) 0.00000 0.00000 -1.23305 0.21756  

Extreme_high_rainfall 0.00146 0.00016 9.18824 0.00000 *** 

Extreme_low_rainfall NA NA NA NA  

3.4.2. Macroeconomics Indicators 

In the set of macroeconomic indicators, three basic variables are singled out: 

exchange rates, the U.S. Dollar Index (DXY), and the inflation rate. 

For exchange rates, we have two variables: U.S. Dollar to Japanese Yen 

(USD/JPY) and U.S. Dollar to Mexican Peso (USD/MXN). We choose these two 

currencies because Japan and Mexico are big importers of Hard Red Winter 

Wheat. Exchange rate fluctuations directly affect the international competitiveness 

of U.S. wheat exports. In order to obtain potential lagged reactions in market 

movements, both exchange rate measures are lagged three trading days, so that 

the variables Lag_USD_JPY and Lag_USD_MXN are constructed. This lag 

structure also helps decrease simultaneity bias. 

For the U.S. Dollar Index (DXY), we utilize the daily percentage change to reflect 

the relative strength of the dollar versus a basket of major currencies. A stronger 

dollar generally results in weaker dollar-denominated commodity prices, thus 

influencing U.S. wheat futures. In addition, DXY is a general indicator of macro-

financial conditions and global investor sentiment. 

In addition, the inflation rate every year is also added as a macroeconomic control 

variable. Inflation affects input costs, production decisions, and investment across 

commodities. More inflation would imply greater uncertainty in commodity markets 

and thus influence future price level expectations. The inflation rate is also included 

in our data set annually. Table 2 illustrates the United States' yearly inflation rate 

between 2013 and 2023. The figure shows that there was a period of moderate 

inflation during the earlier years in the data, before a sharp rise in 2021 and 2022 

to a high of 8.00% in 2022. This is indicative of the general macroeconomic climate, 

such as post-pandemic monetary expansion and international supply chain shock, 

both of which could potentially have had an influence on volatility within the 

agricultural futures market. 

Table 2. U.S. Annual Inflation Rate 



Year Inflation_Rate 

2013 1.4648327 

2014 1.6222230 

2015 0.1186271 

2016 1.2615832 

2017 2.1301100 

2018 2.4425833 

2019 1.8122101 

2020 1.2335844 

2021 4.6978589 

2022 8.0027998 

2023 4.1163384 

3.4.3. Market and Lagged Variables 

Besides the meteorological and macroeconomic factors, we incorporate a number 

of market-related and lagged variables to account for the internal price dynamics 

and associated effects in the wheat futures market. 

We begin by creating a one-day lag of the dependent variable, 

Lag_High_Low_Volatility, to account for volatility clustering—a common practice 

in financial markets whereby periods of high volatility are likely to be followed by 

further turbulence. The inclusion of this lagged variable enhances predictive 

efficacy and reinforces the time structure of the model. 

Second, we incorporate lagged meteorological factors comprising 

Lagged_Max_Temp_3, Lagged_Min_Temp_3, and Lagged_Precip_3. These 

factors indicate the weather three days before the observed volatility. The 

reasoning behind this lag structure follows the acknowledgment that the wheat 

market may not react instantly to weather phenomena; rather, lagged impacts are 

typically achieved in agricultural production and financial pricing patterns. For 

instance, a heatwave or torrential rain may require a few days to impact futures 

contract prices. 

Additionally, we add annual wheat production, designated by the variable 

Total_Production, as a supply-side control variable. The year-aggregated dataset 

covers total United States wheat production and assists in accounting for the 

fundamental structural change in the supply of Hard Red Winter Wheat. Such high 

production levels may have a stabilizing effect on prices, but low production might 

lead to enhanced volatility due to fear of a shortage. Table 3 provides the total 

production values per year from 2013 to 2023. The statistics reveal radical 

fluctuations in production over the years. Specifically, production reached a high 

of 467,400 thousand bushels in 2016, then took dramatic declines in many of the 



following years. Most notably, production declined to 244,200 in 2022 and 

decreased further to 201,250 in 2023, which is the lowest figure in the sampled 

timeframe. The sharp supply reductions may have helped fuel heightened volatility 

in the wheat futures market amidst growing fears of scarcity and the intervention 

of speculative forces. By adding Total_Production to the regression model, we 

attempt to explain the degree to which substantial changes in wheat supply can 

shape traders' expectations, price sensitivity, and market uncertainty in the short 

run. 

Table 3. Hard Red Winter Wheat Production by Year (2013–2023) 

Year Total_Production 

2013 321100 

2014 246400 

2015 321900 

2016 467400 

2017 333600 

2018 277400 

2019 348400 

2020 281250 

2021 364000 

2022 244200 

2023 201250 

Finally, we include a categorical monthly variable, Month, to capture potential 

seasonality in volatility. Different months can correspond to planting, irrigation, or 

harvesting stages in wheat crop growth, along with trading cycles and policy 

announcements affecting market behavior. April-June is most important irrigation 

for wheat, so we consider these three month in the model. By incorporating the 

month as a variable, we are picking up cyclical impacts that are not picked up by 

the other explanatory variables. 

These market and lagged variables combined improve the model's time 

consistency and explanatory power, more accurately portraying how short-term 

changes in the wheat market occur. 

3.5 Model Performance 

To test the goodness of the proposed regression model, a set of important metrics 

is considered, including Adjusted R², Residual Standard Error (RSE), and the F-

statistic. From Table 4, the model obtains an adjusted R² value of 0.9623, 

revealing that around 96.2% of lead high-low volatility variation is described by 

independent factors, after penalizing for model complexity. The residual standard 



error is recorded at 0.001, indicating that the error of prediction is very small 

relative to the magnitude of the dependent variable. The F-statistic indicates high 

significance (p < 0.001) and thereby confirms the joint significance of the predictors 

for explaining volatility. 

Table 4. Model Performance Summary 

Metric Value 

Adjusted R² 0.9623 

Residual Std. Error 0.001 

F-statistic 1503.2 

F-statistic p-value < 0.001 

 

Table 5. Estimated Coefficients from Final Regression Model 

term estimate std.error statistic p.value Significance 

(Intercept) 0.00000 0.00012 0.00648 0.99483  

I(Max_Temp^2) 0.00000 0.00000 0.22388 0.82285  

I(Min_Temp^2) 0.00000 0.00000 1.59348 0.11105  

Extreme_high_rainfall -
0.00001 

0.00005 -0.21260 0.83164  

Extreme_Low_Temp_4_6 0.00030 0.00094 0.31908 0.74967  

DXY_Change 0.00295 0.00177 1.66546 0.09582 . 

Lag_High_Low_Volatility 0.98094 0.00056 1747.79760 0.00000 *** 

Lag_USD_JPY 0.00000 0.00000 2.21242 0.02694 * 

Lag_USD_MXN 0.00001 0.00000 2.14180 0.03221 * 

Lagged_Max_Temp_3 0.00000 0.00000 -0.81508 0.41503  

Lagged_Min_Temp_3 0.00000 0.00000 2.61447 0.00894 ** 

Lagged_Precip_3 -
0.00003 

0.00002 -1.25233 0.21045  

Inflation_Rate 0.00001 0.00000 2.41049 0.01593 * 

Total_Production 0.00000 0.00000 -0.85925 0.39021  

Month4 0.00004 0.00002 1.46495 0.14294  

Month5 -
0.00013 

0.00003 -4.28008 0.00002 *** 

Month6 0.00000 0.00004 0.08185 0.93477  

 

Table 5 provides the estimated coefficients, standard errors, t-statistics, and 

significance levels of each variable. As anticipated, the lagged volatility term 

(Lag_High_Low_Volatility) is very highly significant (p < 0.001) with a coefficient 



near 1, confirming the strong persistence of volatility in the wheat futures market. 

Among the macroeconomic indicators, DXY_Change has marginal significance (p 

≈ 0.096), while both Lag_USD_JPY and Lag_USD_MXN achieve statistical 

significance at the 5% level. This suggests that exchange rate fluctuations account 

for volatility in the short term. 

For meteorological variables, Lagged_Min_Temp_3 is significant at the 1% level 

(p = 0.0089), which implies that the lagged effects of minimum temperature are 

more predictive than current readings. By contrast, extreme weather predictors 

(Extreme_high_rainfall, Extreme_Low_Temp_4_6) and their nonlinear 

counterparts (Max_Temp², Min_Temp²) are not statistically significant, implying 

that although they are important, their short-run explanatory power may be weak 

in the presence of overwhelming lagged and macroeconomic effects. Among the 

seasonal dummies, Month 5 (May) has a strong negative impact on volatility, 

possibly due to stabilization in the mid-growing period. 

Table 6 also shows the summary statistics of the main variables. High-low volatility 

of wheat futures has a mean of 0.023, and a high of 0.155, indicating moderate 

price volatility. The temperature variables range widely, with the maximum 

temperature ranging from -6°F to 115°F, and the minimum temperature ranging 

from -29°F to 85°F. Severe weather proxies such as high-rainfall and low-

temperature occurrences are rare in nature, while macroeconomic proxies such as 

inflation and total production are based on annual observations. Currency 

variables (USD/JPY, USD/MXN, DXY change) have large variations, and April-to-

June dummy variables occur around 8% of observations every time. 

Table 6. Final Variable Summary for Model 

Variable Observati

ons 

Mean Variance Max Min 

High_Low_Vola

tility 

2773 0.02317907 0.00016881 0.15483 0.011986

3 

Max_Temp 525728 68.0383582

4 

428.6413451

6 

115.000

00 

6.000000

0 

Min_Temp 525273 42.9125426

2 

381.9669529

2 

85.0000

0 

29.00000

00 

Extreme_high_

rainfall 

122553 0.03074588 0.02980082 1.00000 0.000000

0 



Extreme_Low_

Temp_4_6 

122553 0.00007344 0.00007343 1.00000 0.000000

0 

Lag_High_Low

_Volatility 

2772 0.02318111 0.00016886 0.15483 0.011986

3 

DXY_Change 2870 0.00009310 0.00001828 0.02440 0.023700

0 

USD_JPY 2869 113.947417

22 

163.5322127

5 

151.710

00 

86.67000

00 

USD_MXN 2869 17.9610195

5 

7.95446046 25.3380

0 

11.97670

00 

Total_Productio

n 

11 309718.181

81818 

5207671136.

36363602 

467400.

00000 

201250.0

000000 

Inflation_Rate 11 2.62752280 4.88087121 8.00280 0.118627

1 

Month4 2773 0.08222142 0.07548828 1.00000 0.000000

0 

Month5 2773 0.08402452 0.07699217 1.00000 0.000000

0 

Month6 2773 0.08438514 0.07729216 1.00000 0.000000

0 

4. Results 
The results of the regression analysis provide several observations about the 

short-term volatility behavior in the Hard Red Winter Wheat futures market. The 

model has considerable explanatory power, as shown by an adjusted R² of 0.9623, 

a residual standard error of 0.001, and a highly significant F-statistic (p < 0.001). 

These observations suggest that the model effectively captures the determinants 

of volatility in the near-term price horizon. 

Among the most robust predictors, the lagged volatility term 

(Lag_High_Low_Volatility) carries a coefficient near 1 and is highly statistically 

significant (p < 0.001), pointing to a high volatility persistence. This finding agrees 

with the extensively documented phenomenon of volatility clustering in financial 

markets. 



For macroeconomic indicators, both lagged exchange rates (Lag_USD_JPY and 

Lag_USD_MXN) are significant at the 5% level, implying that currency fluctuations 

influence wheat market volatility, perhaps due to export price sensitivity. The U.S. 

Dollar Index change (DXY_Change) is borderline significant (p ≈ 0.096) with a 

positive coefficient. This result conforms to theoretical expectation that a more 

valuable dollar might reduce global demand for U.S. goods, thereby affecting price 

movements. The rate of inflation over the period is also positively correlated with 

volatility and significant at the 5% level, which suggests that uncertainty at the 

macro level of the economy generates price instability in the futures market. 

Most of the modern weather variables do not exhibit statistical significance under 

this specification. The squared temperature terms and the extreme weather 

variables do not show significant effects. Nevertheless, the three-day lagged 

minimum temperature (Lagged_Min_Temp_3) is statistically significant at the 1% 

level, which suggests that the weather impacts may arise with time lags. This result 

once again confirms the necessity of incorporating lagged variables in an attempt 

to better capture the timing of market reactions to environmental shocks. 

Seasonality is modeled using monthly indicators. The dummy variable for May 

(Month5) is found to be statistically significant with a negative sign (p < 0.001), 

reflecting reduced volatility during this month, most likely due to higher market 

stability in the middle of the growing season. The variable for yearly production 

(Total_Production) does not exhibit statistical significance in the short-term model, 

a result that might be anticipated due to its comparatively low frequency and 

indirect association with daily market fluctuations. 

In short, the findings indicate that lagged market dynamics and macroeconomic 

variables are robust determinants of short-run volatility in the wheat futures market, 

whereas the influence of weather appears to be more restricted and indirect in this 

respect. These results form the foundation for the discussion presented in the next 

section. 

6. Discussion 

The findings of the regression analysis identify a number of important determinants 

of short-run volatility in the Hard Red Winter Wheat futures market. As predicted 

by theory, internal market structure, and most notably lagged volatility, was the 

most important predictor. The strong persistence of volatility captured in the model 

is in line with established results in financial econometrics that verify price changes 

are likely to cluster over time. This supports the need for the inclusion of market 

memory in assessing near-term risk. 



Macroeconomic determinants, namely the lagged reactions of exchange rates and 

the inflation rate, were instrumental in illuminating volatility. The implication of the 

USD/JPY and USD/MXN exchange rates indicates that worldwide economic 

conditions, especially those concerning principal wheat trading partners, could 

impact price volatility. These findings support the notion that commodity markets 

are highly interconnected with general financial conditions globally. The inflation 

rate, although subject to yearly revisions, showed a correlation with volatility 

consistent with the effect of broader economic uncertainties and price pressures 

on the market expectations. 

The role of weather variables in this model was comparatively small. Despite the 

examination of a number of indicators—like squared terms for temperature, 

deviations from rainfall, and dummy variables for extreme weather events—

statistical significance was detected for just the three-day lagged minimum 

temperature. The finding suggests that, although weather is a basic driver of farm 

production, its effect on price volatility may not be direct or immediate. Alternatively, 

the market can integrate weather signals partially or react through other channels, 

for instance, through production expectation changes or hedging activities. 

Additionally, that most of the real-time weather metrics lack any significance 

indicates that after controlling for macroeconomic and market factors, the 

incremental effect of weather becomes weaker. 

The important seasonal impact in May suggests that market volatility follows a 

pattern throughout the growing season. This can indicate the impact of the 

production calendar on market expectations and trading. Nevertheless, the 

absence of significance regarding yearly wheat production indicates that daily 

volatility is not essentially led by supply-side fundamentals only, especially if such 

information is available on a yearly basis. 

The results indicate that short-run changes in agricultural futures are explained by 

a confluence of permanent market trends and extrinsic economic factors, whereas 

the influence of weather appears to operate with delays or in conjunction with 

overall conditions. The results have implications for both researchers and market 

participants. From a statistical modeling standpoint, they point to the necessity of 

including temporal dynamics and macroeconomic linkages. For professionals, the 

study demonstrates that tracking changes in exchange rates and recent volatility 

can yield valuable insight into short-term risk, possibly to a greater extent than just 

using current weather information. 
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