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Abstract 

Agricultural markets are known to be more volatile than the other markets. Understanding 

volatility movements is important to improve both risk management strategies and market 

forecasts. In an order-driven electronic trading system, the Limit Order Book (LOB) contains 

trading information based on market participants expectations. Such information may help 

explain volatility and utilised to make forecasts. In agricultural market, most previous studies 

have used daily information to predict volatility. This research uses intraday data to forecast 

volatility in both lean hog and corn markets. Two models are considered, the well-known 

GARCH (1,1) and the GARCH-X model which includes LOB information. Intraday forecasts 

coming from GARCH and GARCH-X are compared with intraday realized volatility (RV). Our 

findings suggest that GARCH and GARCH-X model forecasts are more in line with each other 

than with RV, and that GARCH-X forecasts do not outperform GARCH (1,1) forecasts. Reasons 

associated with these findings, limitations of this study, and future work are outlined. 
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1. Introduction 

Summary. Understanding volatility movements is an area of great interest in agricultural 

markets. The limit order book (LOB) of an exchange contains information that may help improve 

volatility forecasts. In addition, intraday data is known to contain information that would be 

missed when using daily data. This section discusses the standard approach of volatility studies 

vs the changes associated with the adoption of the electronic platform to trade agricultural 

commodities. On this basis, this section provides the motivation and objective of the research 

undertaken here.  

Understanding volatility movements is important to improve both risk management 

strategies and market forecasts. Estimating assets’ volatility has been the subject of a vast area of 

research. In particular, agricultural commodity markets are known to be more volatile than other 

markets (Tomek and Kaiser, 2014), which has sparked great interest as an area of research. Most 

studies on the volatility of agricultural futures markets refer to prices observed in the traditional 

open-outcry trading system, which does not capture market dynamics in the current order-driven 

electronic trading system. In the current system, more information is available at lower latency, 

which has important implications for volatility modelling. Volatility estimation and forecasting 

require a good understanding of the trading system in which prices are discovered. 

In an order-driven electronic trading system, market participants submit limit orders that 

are placed in the limit order book (LOB) of the exchange. The steps of the LOB contain all the 

bids (asks) in descending (ascending) order with their corresponding number of futures contracts 

that traders are willing to buy (sell). The LOB is updated when an existing limit order is fulfilled, 

modified, or cancelled, or when a new limit order is submitted. The LOB is also updated when a 

market order is submitted, which will be matched and filled at either the best bid price or the best 
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ask price. Therefore, the prices and quantities in the LOB should reflect traders’ beliefs and 

market expectations about the underlying commodity, and this information could help predict 

volatility. Few studies have utilized the information contained in the LOB to study agricultural 

commodity markets. For example, Arzandeh and Frank (2019) showed that the steps beyond the 

top of the LOB contain information that contributes to price discovery. He et al. (2020) used the 

depth beyond the top of the LOB to show market adjustment to large price changes. However, 

studies using LOB information to model volatility are scarce. Oz (2022) used the best bid and 

ask quotes and three levels of depth information contained in the LOB to estimate price impact 

and to improve volatility forecasts in the wheat market. Adjemian and Irwin (2018) used intra-

daily data in conjunction with the USDA reports to ascertain the impact of new information on 

volatility.    

In addition to the LOB containing market information at the quote and quantity levels, 

the LOB also captures very frequent market updates, which have been shown to improve 

volatility forecasts. Andersen and Bollerslev (1998) showed that using intraday data for volatility 

estimation results in less noisy estimates. They found that volatility forecast evaluations and 

measurement errors improved by reducing the time interval from hourly to five-minute intervals. 

Zhang and Dufour (2019) and Frijns and Margaritis (2008) provided evidence that intraday data 

contained information that could improve daily volatility forecasts. When the dataset was 

obtained more frequently, there were short-term fluctuations that could be observed. As soon as 

the news came to the market, the traders normally responded quickly, which was almost invisible 

from low-frequency daily data. The benefits of using intraday data in volatility estimation plus 

the easier access to high-frequency data in the last few years have increased the amount of 
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research in microstructure agricultural markets (some examples are Arzandeh and Frank, 2019; 

Couleau et al., 2018; Couleau et al., 2020; He et al., 2020).  

Using high frequency intraday data and the information contained in the LOB, this 

research aims to estimate and forecast volatility. The analysis is performed for the lean hogs and 

corn markets. The time interval between observations is determined by how often trades occur in 

the market. Two models, one containing LOB information and one without it, are estimated to 

perform volatility forecasts. The forecasts are evaluated using one measure of “real volatility,” 

the standard measure widely used in the literature. 

In market microstructure studies it is common practice to sample observations at regular 

time intervals. For example, a large number of studies use 5-minute time intervals (Andersen et 

al., 2001; Barndorff-Nielsen and Shephard, 2002; Liu et al., 2018). Higher-frequency price 

observations are prone to market microstructural noise (MMN) which complicates volatility 

estimation. The sources of MMN are the bid-ask bounce, the discreteness of the data (Harris, 

1990), and the properties of the trading mechanism (Hansen and Lunde, 2006). The bid-ask 

bounce is the limited range of price back and forth between the bid price and the ask price, which 

makes the “real” or efficient price not observable. Aït-Sahalia and Yu (2009) describe a liquid 

market as a large quantity offer that could be fulfilled soon after it goes into the market, and in 

which the price will be close to the price from the preceding and following transaction. However, 

this price is unclear. Discrete prices are driven by market regulations that all prices need to be a 

multiple of the minimum tick (Harris, 1990), for example, in lean hogs the minimum tick is $10 

and in corn is $12.5. The properties of the trading mechanism in the agricultural future market is 

a clearing house in which traders submit two types of orders – limit and market orders. The 

single price, which clears the market and it is applied to all executed orders, is the transaction 
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price (Amihud and Mendelson, 1987). The trading mechanism also requires market participants 

to follow regulations: actions they can take, information available, and matching orders 

(Foucault et al., 1955). These sources of MMN, also referred to as market frictions, lead to two 

main consequences for volatility estimation. The first one is that when sampling occurs at very 

short time intervals, a major component of what is being captured is MMN rather than price 

volatility (Aït Sahalia et al., 2005). The more often the data is sampled (that is, the shorter the 

time intervals between observations), the stronger the effect of MMN on estimates (Zhang et al., 

2005). The noise is due to the imperfection of pricing observations (Black, 1986). Black further 

explains that when the market includes more noise trading, it will become more liquid. The 

reason is more unprofessional or impulsive traders making decision without using information, 

which will bring more trades to the market. Therefore, high-frequency data include more noise 

than low-frequency data. The second consequence brought by the frictions described above is 

that observed prices do not accurately represent the true underlying price of a commodity. 

Rather, the true, efficient, or fundamental price of a commodity falls in the space between the 

observed best bid and ask quotes and it is not directly observed. Therefore, it is not clear which 

price (or return) should be used for the estimation of volatility. The approaches undertaken to 

tackle these two consequences are described in the next two paragraphs.  

Realized volatility (RV) is a widespread measure of real volatility (Andersen et al., 2001; 

Meddahi, 2002; Barndorff-Nielsen and Shephard, 2002). However, results in previous studies 

suggest that when data is sampled at very short time intervals, the RV is a biased estimator (due 

to MMN), and it is not robust to the length of the sample interval. These results prompted many 

studies to sample data at larger time intervals and discard observations between those time 

intervals, a procedure that many find conflicting as massively discarding observations is, in most 
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cases, not desirable. To overcome this problem, the average trading frequency (Oz, 2022) is used 

to define the snapshot.  

Most volatility studies on agricultural commodities’ future markets are based on observed 

transaction prices. Earlier studies used daily data as intraday transaction prices for these markets 

were not publicly available before trading switched to the electronic platform. In most recent 

studies, intraday transaction prices data have been used in the current electronic trading 

mechanism. For example, Couleau et al. (2018) used transaction prices to identify the MMN in 

live cattle future markets. However, as mentioned above, transaction prices may not accurately 

reflect the unobserved true price of a commodity. In addition, Kavajecz and Odders-White 

(2001) argue that transaction prices were the result of liquidity demanders and suppliers’ actions, 

which could be driven either by their level of information or simply by their liquidity needs. In 

the latter case, transaction prices are not informative. The authors further discuss that the 

midpoint between the best ask and the best bid has been used as a better approximation of the 

true price of a commodity, which lies somewhere between the best two quotes. Hagströmer 

(2021) showed that, for S&P500 stocks, the midpoint is not a good proxy for the true price 

because the true price is a continuous variable, whereas the best quotes used to compute the 

midpoint are discrete variables. Specifically, the best quotes only move by the tick size and do 

not capture gradual changes in between. Hagströmer (2021) suggests using the best quotes’ 

quantities in computing a proxy for the true price. Therefore, this research uses the weighted 

midpoint with the best ask and bid quantities being the weights.  

The Generalized Autoregressive Conditional Heteroskedasticity (GARCH) model has 

been widely used to estimate and predict volatility in both the financial and agricultural markets. 

It has been shown to work well when daily data (Cermák et al., 2017; Musunuru et al., 2013) as 
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well as intraday high-frequency data (Andersen and Bollerslev, 1998) are used. In the GARCH 

model, newest observations have a higher weight than the older ones. Intraday data became 

available in agricultural markets at a slower pace relative to other markets. Therefore, most 

research using the GARCH model focused on daily data. However, the use of the GARCH 

model based on high-frequency data has been proven accurate and favorable. Andersen and 

Bollerslev (1998) show that GARCH models produce accurate intraday forecasts for volatility. 

The authors examined various types of GARCH models in exchange rate financial markets based 

on high-frequency intraday data. Their findings show that the GARCH model is suitable for 

analyzing the volatility of high-frequency intraday data.  

In the electronic trading system, traders incorporate their information in the LOB. 

Therefore, LOB variables could be included in the GARCH model. This research assesses if 

those variables help improve volatility prediction. The GARCH-X model is estimated (Francq 

and Thieu, 2019) using ask and bid quotes and quantities. The estimated model is used to make 

one-day ahead forecasts (Degiannakis, 2017; Mcmillan and Speight, 2012). Traditional one-day 

ahead forecast coming from daily data use several days to predict the next one day. In this study, 

the model using intraday data for each day is used to forecast the next-day, and on the day of the 

forecast, each observation is used to make the forecast for the next time period (Chen et al., 

2016).  

To assess if the LOB information improves the accuracy of volatility prediction, the 

intraday forecasts from the GARCH and GARCH-X models are compared to RV. The RV was 

shown to perform better when the sample frequency increases (Oomen, 2005; Andersen et al., 

2003; Barndorff-Nielsen and Shephard, 2004); making it a suitable measure of volatility when 

using intraday data. The Diebold-Mariano (DM) test (Harvey et al., 1998) is performed to assess 
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forecasts differences between the GARCH and GARCH-X models. It is expected that the 

GARCH-X model provides a better prediction of volatility since it incorporates information 

present in the LOB. In turn, this would suggest that the LOB information is useful for market 

participants.   
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2. Literature review 

Summary. This section is divided into five parts. The initial part is concerned with the 

measurement of volatility. It discusses the use of realized volatility (RV) as a means of identifying 

the underlying “true volatility.” The second part examines the potential of LOB information to 

enhance the forecasting of volatility. The third part presents the findings of a comparative 

analysis between intra-day and daily data, suggesting that the former may offer superior 

performance. The fourth part delves into the merits of weighted mid-point return as a superior 

alternative to other return calculations. Finally, the fifth part outlines how to estimate the 

volatility forecasting model with LOB information. 

The majority of research conducted on market microstructure and volatility forecasting 

has concentrated on financial markets, while only a limited number of studies have examined 

agricultural futures markets. In comparison to agricultural future markets, financial markets 

initiated electronic trading at an earlier point in time, namely in the 1970s. Consequently, there is 

a greater corpus of literature dedicated to these markets. The advent of electronic trading in 

agricultural future markets was marked by the introduction of the electronic platform by the 

Chicago Board of Trade (CBOT) (Irwin and Sanders, 2012; Gousgounis and Onur, 2018). The 

CBOT was historically the primary venue for trading grain products. At the outset of the 

introduction of the electronic platform, the predominant focus of trading remained on pit trading, 

largely due to historical precedent. Between 2000 and 2011, there was a notable surge in 

electronic trading for grains. A similar trend is evident in the case of hogs and live cattle which 

were trading on the Chicago Mercantile Exchange (CME). In 2007, both exchanges were merged 

into the CME Group. Despite the prevalence of electronic trading in both the agricultural and 

financial markets, notable distinctions between both markets remain. In financial markets, the 
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number of trades is greater, and the frequency of trading is also higher than that observed in the 

agricultural markets. Research for agricultural market has seldomly incorporated high frequency 

data and LOB information as of today.  

1) Measures of volatility  

The concept of “true volatility” is not susceptible to empirical observation, which 

explains much of the efforts in the literature devoted to its measurement. Andersen and 

Bollerslev (1998) suggest using the sum of intra-day returns, the RV, as a measure of the “true 

volatility.” Subsequently, RV has became a widely used measure of volatility (Andersen et al., 

2001; Meddahi, 2002; Barndorff-Nielsen and Shephard, 2002). The RV represents a model-free 

approach to estimating volatility and it is frequently regarded as a proxy for the “true volatility” 

when assessments are made of estimates derived from disparate models. The RV can be used at 

varying scales such as daily or intraday. It is important to choose suitable time interval for 

intraday RV. It should avoid the effect from MMN, and at the same time, it should contains as 

many observations as possible.   

2) LOB information 

The LOB contains information such as bid and ask prices, bid and ask depth, and spread, 

which can be used to improve the estimation of volatility. In financial markets, Jain and Jiang 

(2014) use LOB information beyond the top of the book to predict future price volatility on the 

Shanghai Stock Exchange which is an order-driven market. The study focusses on stocks and 

uses one-minute time intervals. The authors show that the best bid and ask contain information 

which significantly predicts future price volatility. In the electronic platform system, after the 

best bid and ask depth match and trades occur, unfilled contracts will move to the second bid and 
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ask price to be filled. Accordingly, the depths at the top and the second level of both bid and ask 

sides are used in this research to extract the information contained in the LOB. The spread has 

been shown to include information. Bollerslev and Melvin (1994) found that the bid-ask spread 

is positively correlated with the exchange rate market volatility through a GARCH-type model. 

Furthermore, research conducted on agricultural futures markets that included LOB information 

found that prices as well as quantities present in the LOB are relevant. To illustrate, Arzandeh 

and Frank (2019) investigated the contribution of LOB information beyond the bid-ask spread 

(BAS) to the price discovery process in five agricultural products from the CME Group. The 

results show that the depths of the LOB beyond the BAS contain information and suggests that 

informed traders use the depths of the LOB beyond the top of the book actively. Nevertheless, 

the LOB information is not used for the purpose of analyzing volatility. He et al. (2020) used 

minute-level data and the spread and depth from the CME Group to show that in the corn market, 

the depth is markedly diminished during substantial price fluctuations, whereas in the hog 

market, a significantly higher spread is observed during large price movements. The 

aforementioned studies show that the LOB contains information that can be used to predict 

volatility. The only study that specifically incorporates the information contained in the LOB to 

predict volatility in agricultural markets is Oz (2022). The study focuses on the impact of 

incoming orders on volatility. The above evidence of the information contained in the LOB, in 

addition to the limited studies performed in agricultural markets warrants further exploring 

volatility prediction in such markets. In this study, BAS and the depths at the top and second 

level from the LOB are incorporated into a GARCH-type model to predict volatility.  
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3) Daily data vs. intraday data  

Based on market microstructure theory, information is embedded in traders’ strategies 

with each new order that enters the market. Because this information would not necessarily be 

reflected when using daily data, the focus of this study is on the microstructure level data. The 

quantity of observations coming from intraday data is contingent upon the frequency with which 

the observations are sampled. The 5-minute frequency is a commonly used time interval 

(Andersen et al., 2001; Barndorff-Nielsen and Shephard, 2002). The MMN has an impact on 

high-frequency data, distorting the distribution of high-frequency intra-daily returns. In a study 

conducted by Clinet and Potiron (2019), the existence of the MMN was detected at a high 

frequency in stocks using tick-by-tick time, 15 and 30 seconds. The five-minute interval has been 

proven to be sufficiently brief to estimate volatility using RV, while also being sufficiently long 

to avoid the impact of the MMN effect (Meddahi, 2002; Andersen et al., 2001). Most of the 

literature studying volatility in agricultural markets uses daily price data. For instance, Cermák et 

al. (2017) used daily data on wheat from the CME Group to analyze the impact of shocks on 

volatility. In a similar vein, Degiannakis and Filis (2017) used tick-by-tick time intervals to 

forecast volatility in the oil market over a range of time horizons, from 1-day ahead to 66-days 

ahead. The results of the study indicate that the incorporation of data pertaining to cross-market 

assets, stock market indices, currency, and macroeconomic indicators enhances the precision of 

volatility predictions. Liu et al. (2018) determined that a sampling frequency of 5-minute 

intervals was optimal for oil futures markets with decomposed jumps, and subsequently forecast 

real oil price volatility. All of the aforementioned papers used fixed time intervals for all 

products. However, it is possible that the optimal sampling frequency differs between products 
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with different trading frequencies. Accordingly, this paper employs a variety of snapshot times, 

contingent on the trading frequency of each product (Arzandeh and Frank, 2019; Oz, 2022).  

4) Computation of returns 

This study will employ an optimal methodology for computing returns. In their 2001 

study, Kavajecz and Odders-White compared LOB midpoint returns, quote midpoint returns and 

transaction returns. Their findings indicate that earnings announcements had the greatest impact 

on LOB midpoint returns, providing evidence that midpoint returns are more sensitive than 

transaction prices. Furthermore, Hagströmer (2021) posits that the weighted midpoint price, 

wherein the best bid and ask quantities serve as the weights, is superior to the midpoint price in 

addressing the issue of discrete prices. In a different approach, Andersen and Bollerslev (1998) 

computed the weighted midpoint by using bid and ask quantities as the ask and bid price 

weights, respectively. The rationale is that bid (ask) quantities are introduced into the market to 

fulfil ask (bid) orders, and thus the bid (ask) quantities will impact the price set by the sellers 

(buyers). Cao et al. (2009) also used the bid and ask quantities as the weights. Therefore, since 

the weighted mid-point returns are a superior method to both transaction returns and midpoint 

returns, the weighted mid-point returns will be used in this research. 

5) GARCH model vs. GARCH-X model  

A substantial corpus of literature has used the GARCH model to estimate volatility 

and/or to facilitate comparisons between disparate estimation methodologies. To illustrate, 

Musunuru et al. (2013) used the TGARCH and EGARCH models to forecast the volatility 

returns of corn and found that volatility exhibited distinct reactions to positive and negative 

news. Benavides (2004) compared ARCH models, univariate GARCH and multivariate ARCH 
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(BEKK model), and highlighted the challenges associated with accurate forecasting of asset 

price return volatility. The LOB information can be incorporated into the GARCH model via the 

GARCH-X model (Francq and Thieu, 2019). In a similar vein, Shah et al. (2009) used the 

GARCH-X model to analyze exchange rate volatility in Pakistan. The exogenous variables are 

the short-term interest rate, the capacity for intervention by the State Bank of Pakistan and 

expectations regarding the exchange rate. Cermák et al. (2017) used the high-frequency data and 

a GARCH model for forecasting the volatility of wheat futures prices. It was suggested that the 

wheat producers could hedge their production with short-term futures contracts, given the 

capacity of a fitted model to predict price fluctuations in the short term. Manfredo et al. (2001) 

used a GARCH model to forecast the volatility of cattle and corn markets. They further proposed 

that the GARCH model facilitates a more comprehensive understanding of volatility forecasting 

based on specific data and time horizons. The aforementioned research in agricultural futures 

markets does not incorporate LOB information for the purpose of forecasting volatility. It may 

therefore be posited that the incorporation of LOB information into the GARCH-X model will 

result in a more accurate forecast of market volatility. 
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3. Data 

Summary. This section describes the hogs and corn data used in this research. Specifically, it 

outlines how the data is sampled from the LOB, and it provides some intuition for the selection of 

the variables that will be included in the model. The last part of the section specifies how the 

return series is computed by incorporating LOB information.  

The data comprises futures contracts for lean hog and corn trading in the CME Group, 

spanning the period from November 23, 2018 to December 27, 2019. The lean hogs trading 

session commences at 8:30 am and concludes at 1:05 pm CT. For corn, only the data from the 

morning session data is employed, extending from 8:30 am to 1:20 pm CT, given that trading 

activity is more prevalent during that period. It is standard practice to exclude the first and last 

five minutes of trading from the data set, as this period is characterised by a different set of 

behaviours than those observed during the main trading session. In order to ensure that the data 

is representative, all dates with low trading volume, shorter trading times and holidays have been 

excluded. The contract unit for lean hog is 40,000 pounds, which is equivalent to approximately 

18 metric tons. The contract unit for corn is 5,000 bushels. The price is quoted in US dollars. 

Contracts with different maturities are traded on a daily basis. The highest-volume trading 

contract for each day is used. The data are presented as snapshots taken at regular intervals. Five-

minute snapshots are a common approach (for example, Luo et al., 2019; Luo and Chen, 2019). 

However, with high frequency data, this would result in a large amount of data being omitted 

between snapshots. A smaller time interval would result in an increase of the effect of MMN. 

Furthermore, the MMN has been demonstrated to be excessively sensitive to ultra-high-

frequency data (Zhou, 1996). A data-driven sampling method is used in this research.  
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The LOB is a list of bid and ask orders at a specific price. The LOB is updated in 

accordance with the submission of new orders, the cancellation, amendment or trading of 

existing orders. The orders remain in the book until a match is made and the trade is executed. 

Two distinct types of limit orders exist. One such order is the bid order, which is an order to 

purchase at the specified price. The alternative is the ask order, which is the order to sell at a 

specified price. Upon submission of the order, the pertinent information is duly recorded in the 

LOB and subsequently organised according to price level. An order may be understood as a 

reaction on the part of traders to information. Traders analyse market information and submit 

orders based on their predictions. It should be noted that LOB updates resulting from trades 

occur less frequently than other updates. Consequently, the series of returns based on transaction 

prices undergoes less frequent changes relative to the time series containing all LOB updates.  

 To circumvent the issue of limited change in the return data based on transaction prices, 

a series constructed using snapshots at the average trading frequency is used (Arzandeh and 

Frank, 2019). During the time period between November 23, 2018 and December 27, 2019 the 

average trading frequency for lean hogs was 6 seconds, and for corn was 9 seconds. The corn 

market is known to be more active relative to the lean hogs market. However, a high proportion 

of transactions in corn occur at the same price and therefore not counted in the computation of 

the average trading frequency. The spread is calculated using the best bid and ask prices; while 

returns are calculated using the best bid and ask price in conjunction with the bid and ask 

quantities. The weighted mid-point price (Wt) is computed as follows: 

 𝑊𝑡 =
𝐴𝑡×𝑄𝐴𝑡+𝐵𝑡×𝑄𝐵𝑡

𝑄𝐴𝑡+𝑄𝐵𝑡
       (1) 
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where At is the best ask price at time t, Bt is the best bid price at time t, QAt is the quantity for the 

best ask price at time t, and QBt is the quantity for the best bid price at time t.  

The weighted mid-point returns (RWt) are computed as follows: 

𝑅𝑊𝑡 =
log(𝑊𝑡)−log⁡(𝑊𝑡−1)

log⁡(𝑊𝑡−1)
       (2) 
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4. Methods 

Summary. This section describes a measure of real volatility (RV), and two models (GARCH and 

GARCH-X) used for the prediction of volatility. It also presents the criteria used to evaluate 

forecasting performance, as well as a formal test to assess if competing models’ predictions have 

significant differences. 

Volatility is estimated using three methods: realized volatility (RV), GARCH and 

GARCH-X models. 

The GARCH model is the most commonly used volatility model. The original 

specification of the GARCH (1,1) model (Engle, 1982) is:  

RWt = µ + θRWt-1 + εt            εt ~ (0, ht) (3) 

ht = ω + α ε2
t-1 + β ht-1  (4) 

where ω > 0, α > 0, β > 0, and α + β < 1 

The variance of the error term is a function of the squared of the previous innovations and on its 

own past values. The second model being used in this research incorporates the high-frequency 

data from the LOB (Visser, 2011; Deng et al, 2020). In the GARCH-X model exogenous 

variables are used in the variance equation (Engle, 2002). Foucault et al. (2007) argue that limit 

order traders may possess private information on the occurrence of future events leading to price 

changes, and therefore adjust their order submission strategies to the level of risk perceived. In 

this vein, a wide bid-ask spread would signal that limit order traders expected high volatility. 

Aidov and Daigler (2015) argue that depth demonstrates the level of interest among traders at a 

particular price level and also provides insight into the cost of trading. Market depth is utilised 
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by traders as a means of gauging the probable trajectory of price. Furthermore, it demonstrates 

the willingness of traders to engage in buying and selling activities. In particular, Pascual and 

Veredas (2010) find that the depth at the best quotes and the depth beyond the best quotes play 

different roles in signaling changes in the efficient price volatility. Accordingly, the best bid and 

ask depths as well as the second level bid and ask depths are incorporated into the model. The 

GARCH-X model is: 

RWt = µ + θRWt-1 + εt            εt ~ (0, ht)  (5) 

ht = ω + α ε2
t-1 + β ht-1 + γZt  (6) 

where the matrix Zt contains the exogenous variables including the best ask quantity, the best bid 

quantity, and the spread. One-day-ahead volatility forecasts are estimated using the GARCH 

model (3)-(4) and the GARCH-X model (5)-(6). In order to produce a forecast, data from day i is 

used to estimate the forecasting model. On day i+1, volatility is predicted for each t using the 

observed data at t-1.  

The “real volatility” is measured using RV. The RV was shown to perform better when 

intra-daily data is used instead of daily data (Oomen, 2005). RV for observation t is computed as 

follows (Andersen and Bollerslev, 1998): 

𝑅𝑉𝑡 = [log(𝑊𝑡) − log⁡(𝑊𝑡−1)]
2       (7) 

The different RV intraday time interval is chosen based on the average trading frequency 

(Arzandeh and Frank, 2019) of each commodity. It should be noted that the average trading 

frequency does not include repeating trade information and instead captures snapshots of the data 

based on transaction price changes. This approach is preferable to the use of tick data, as it 
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mitigates the MMN problem while retaining the trading information. The average trading 

frequencies for each commodity are as follows: 6 seconds for hogs and 9 seconds for corn.  

 Forecasts are evaluated using several methods. The Diebold-Mariano (DM) test based on 

MSE, MAE, and Mean Absolute Percentage Error (MAPE) will be used to compare the forecast 

error from the GARCH and GARCH-X models with RV. A significant result would show 

differences between GARCH and GARCH-X models, and together with lower forecast errors for 

GARCH-X it would suggest that the LOB information included in the GARCH-X model is 

useful to predict volatility. The MSE, RMSE and MAE are used to compare GARCH and 

GARCH-X with RV. These methods compare the prediction results with the real volatility. A 

smaller error indicates a greater proximity to the actual volatility, suggesting superior forecasting 

capabilities. MSE, RMSE and MAE are computed as follows, 

MSE =⁡
1

𝑇
∑ (𝑅𝑉 − 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑)2𝑇
𝑡=1  (8)  

𝑅𝑀𝑆𝐸 = √⁡𝑀𝑆𝐸 (9) 

MAE =
1

𝑇
∑ |𝑅𝑉 − 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑|𝑇
𝑡=1  (10) 

where predicted are the predictions coming from the GARCH and GARCH-X models. Two 

distinct MSE, RMSE and MAE outcomes will be generated: one for RV and GARCH model 

prediction, and one for RV and GARCH-X model prediction. The outcome showing the smaller 

error is considered the better prediction of volatility. The comparison of the results from RV with 

GARCH and GARCH-X models will provide evidence of whether the incorporation of 

additional information enhances the forecasting of volatility in the GARCH-X model.  
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5. Results 

Summary. This section reports three main findings. First, the summary of the estimates of both 

the GARCH(1,1) and GARCH-X models for lean hogs and corn markets. Second, the comparison 

of the forecasts coming from the estimated model with the realized volatility. Third, the 

assessment of which model performs better relative to the realized volatility. 

The LM test for autoregressive conditional heteroskedasticity (ARCH) is a statistical tool 

employed to evaluate the suitability of the GARCH and GARCH-X models. The results 

demonstrate that for HE, there are 198 out of 222 days with statistically significant ARCH 

effects in lag one; and more than 200 out of 222 days in lag two to ten. In the case of the ZC 

data, 236 out of 252 days exhibited significant ARCH effects in lag one, while in lag two to nine, 

the significant ARCH effects persisted in more than 240 out of 252 days; and 238 out of 252 

days exhibited significant ARCH effects in lag ten. Consequently, the GARCH and GARCH-X 

models are deemed an appropriate choice.  

The GARCH-X model was estimated for a period of 218 days for HE data. The p-value 

for the best ask quantity derived from the GARCH-X model is less than 0.05 for 196 out of 218 

days. The p-value for the best bid quantity from the GARCH-X model is less than 0.05 for 194 

out of 218 days. The second level of ask quantity derived from the GARCH-X model is 

statistically significant at 5% level for 172 out of 218 days. The second level of bid quantity from 

the GARCH-X model is statistically significant at 5% for 171 out of 218 days. The spread in the 

GARCH-X model is significant at 5% level for 190 out of the 218 days under consideration. The 

spread appears to be significant over the greatest number of days. For the sign of the exogenous 

variables, the expectation would be that when higher risk is perceived by informed traders, their 

strategy would be to submit less aggressive orders, that is, more second level and less first level 
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orders (Ahn et al., 2001). The findings show that the sign of the best ask volume is positive for 

131 out of the 218 days under consideration, and the sign of the best bid volume is positive for 

131 out of 218 days. In contrast, for the second level, the sign for the ask volume is positive for 

112 out of the 218 days under consideration, and the sign for bid volume is positive for 117 out 

of 218 days. The sign of the spread is positive for 180 out of 218 days.  

The results for the ZC data exhibit a somewhat distinct pattern. The GARCH-X model is 

estimated for a period of 223 days. The p-value for the best ask quantity in the GARCH-X model 

is less than 0.05 for 222 out of 223 days. The p-value for the best bid quantity from the GARCH-

X model is less than 0.05 for 220 out of 223 days. The second level of ask quantity in the 

GARCH-X model is statistically significant at 5% level for 203 out of 223 days. The second 

level of bid quantity in the GARCH-X model is significant at 5% level for 203 out of 223 days. 

The spread in the GARCH-X model is significant at 5% level for 192 out of 223 days. In 

comparison to the HE data, the greatest number of days on which the results are statistically 

significant is for the best bid quantity variable. The sign of the best ask volume is positive for 

134 out of 223 days. The sign of the best bid volume is positive for 146 out of 223 days. In 

contrast, the sign of the second level ask volume is positive for only 98 out of 223 days, and for 

the second level bid volume is positive for 77 out of 223 days. The sign of the spread is positive 

for 63 out of 223 days, indicating that the negative sign is observed on approximately more than 

half of the total days.  

Figures 1 to 3 show the RV and GARCH and GARCH-X forecasts for the different 

intraday time periods on June 5, 2019 for hogs. One representative day (June 5, 2019) was 

selected and divided into three intraday periods to make each figure readable. The first period is 

from 8:36 am to 8:56 am; the second period is from 10:26 am to 10:46 am, which is the middle 
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of trading time; and the last period is from 12:36 pm to 12:56 pm. It is evident from the figures 

that the RV fluctuates greatly. A notable peak is observed in the midday trading time period for 

GARCH-X when compared to the other time periods and days, which shows its sensibility to 

occasional large changes in quantities. Despite minor fluctuations, the GARCH model 

consistently yields higher predictions than the GARCH-X model, making the GARCH forecasts 

somehow closer to RV. For the figures 4 to 6, it is observed that throughout all time periods, the 

GARCH and GARCH-X models exhibit similar movements, with the GARCH model above the 

GARCH-X model. Concurrently, the RV fluctuates largely throughout the entire day. 

Figure 1. Realized volatility and two volatility forecasts, lean hogs, morning hours 

 

Note: The realized volatility and forecasts are plotted for June 5, 2019, 8:36 am to 8:56 am 
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Figure 2. Realized volatility and two volatility forecasts, lean hogs, midday hours 

 

Note: The realized volatility and forecasts are plotted for June 5, 2019, 10:26 am to 10:46 am  

Figure 3. Realized volatility and two volatility forecasts, lean hogs, last portion before close  

 

Note: The realized volatility and forecasts are plotted for June 5, 2019, 12:36 pm to 12:56 pm  
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Figure 4. Realized volatility and two volatility forecasts, lean hogs, morning hours 

 

Note: The realized volatility and forecasts are plotted for September 9, 2019, 8:36 am to 8:56 am  

Figure 5. Realized volatility and two volatility forecasts, lean hogs, midday hours  

 

Note: The realized volatility and forecasts are plotted for September 9, 2019, 10:26 to 10:46 am  
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Figure 6. Realized volatility and two volatility forecasts, lean hogs, last portion before close  

  

Note: The realized volatility and forecasts are plotted for September 9, 2019, 12:36pm to 12:56pm  

Figures 7 to 12 show the RV, GARCH and GARCH-X forecasts for corn on June 5, 2019 

and September 9, 2019. The three time periods are 8:36 am to 9:06 am (morning); 10:41 am to 

11:01am (midday); and 12:36pm to 1:06 pm (last portion before close). A comparison of the ZC 

data with the HE data reveals some differences. Both the GARCH and GARCH-X models for 

corn show higher values than those estimated for hogs’ data. The GARCH model forecasts seem 

to be smoother over time while the GARCH-X model exhibits higher fluctuations, likely due to 

changes in quantities observed in the first two levels of the book. Compared to lean hogs, RV in 

corn exhibits a greater prevalence of small fluctuations. However, RV continues to exhibit the 

largest fluctuations compared to GARCH and GARCH-X models.  
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Figure 7. Realized volatility and two volatility forecasts, corn, morning hours 

 

Note: The realized volatility and forecasts are plotted for June 5, 2019, 8:36 am to 9:06 am  

Figure 8. Realized volatility and two volatility forecasts, corn, midday hours  

 

Note: The realized volatility and forecasts are plotted for June 5, 2019, 10:41 am to 11:01 am  
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Figure 9. Realized volatility and two volatility forecasts, corn, last portion before close hours  

 

Note: The realized volatility and forecasts are plotted for June 5, 2019, 12:36 pm to 1:06 pm  

Figure 10. Realized volatility and two volatility forecasts, corn, morning hours 

 

Note: The realized volatility and forecasts are plotted for September 9, 2019, 8:36 am to 9:06 am  
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Figure 11. Realized volatility and two volatility forecasts, corn, midday hours  

 

Note. RV is blue, GARCH is red, and GARCH-X is black. The realized volatility and forecasts 

are plotted for September 9, 2019, 10:41 am to 11:01 am  

Figure 12. Realized volatility and two volatility forecasts, corn, last portion before close hours 

 

Note: The realized volatility and forecasts are plotted for September 9, 2019, 12:36 to 1:06pm  
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Forecast evaluation 

The DM test is employed to ascertain the degree of discrepancy between both the forecast 

error of the GARCH and GARCH-X models and real volatility. The findings presented in table 1 

utilise the DM test, based on MSE, MAE, and MAPE to access the forecasting performance of 

competing models GARCH and GARCH-X relative to RV for HE data. The ZC data presented 

in table 2 indicates a similar outcome. The results in tables 1 and 2 show that on most days, the 

GARCH and GARCH-X models are statistically indistinguishable, suggesting that there is no 

significant difference between them. Both tables show a low percentage number of days in which 

the GARCH-X model performs better than the GARCH model, suggesting that results vary for 

different days and commodities. 

Table 1. DM test for lean hogs. 

 p-value < 0.05 GARCH-X performs better than GARCH 

MSE 31.52% 11.41% 

MAE 42.93% 21.74% 

MAPE 16.30% 36.96% 

Note. There are a total of 184 days. The numbers in the table are are the percentage days in 

which the DM test is significant (column 2) and in which the GARCH-X model exhibits a lower 

forecast error than the GARCH model (column 3). 
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Table 2. DM test for corn. 

 p-value <0.05 GARCH-X performs better than GARCH 

MSE 47.89% 6.32% 

MAE 66.32% 13.68% 

MAPE 23.68% 17.39% 

Note. There are a total of 190 days. The numbers in the table are the percentage days in which 

the DM test is significant (column 2) and in which the GARCH-X model exhibits a lower forecast 

error than the GARCH model (column 3). 

 The MSE, RMSE, and MAE are computed to assess how close the forecast is to the “real 

volatility” (RV). As illustrated in table 3, for HE data, the GARCH-X model exhibited a smaller 

error of a mere 11.41% of the total days, thereby suggesting that relative to RV, its forecasting 

performance is lower than that from the GARCH model. A similar result is shown in table 4, 

where only 6.32% of total days GARCH-X has a smaller error.   

Table 3. MSE, RMSE, and MAE for lean hogs.  

 RV 

GARCH model 88.59% 

GARCH-X model 11.41% 

Note. The results are the same for MSE, RMSE, and MAE. There are 184 total days. The 

numbers in the table show the percentage days in which each model has a smaller error. 
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Table 4. MSE, RMSE, and MAE for corn. 

 RV 

GARCH model 93.68% 

GARCH-X model 6.32% 

Note: The result are the same for MSE, RMSE, and MAE. There are 190 total days. The numbers 

in the table show the percentage days in which each model has a smaller error. 
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6. Conclusions 

Summary. This section delineates the findings from the study and its limitations. It also provides 

some explanations for less expected outcomes and suggests future work that may overcome some 

of the limitations found here. 

This study employs intraday data from the CME Group to forecast volatility in the lean 

hogs and corn futures markets, incorporating microstructure features of the data. The full LOBs 

for both markets were reconstructed and market data was sampled at appropriate frequencies to 

effectively address the MMN issue. Two models were utilized in this study to forecast volatility. 

Firstly, the GARCH model, which is frequently used in both agricultural and financial markets to 

model and forecast volatility. Secondly, the GARCH-X model, which includes LOB variables 

such as bid-ask spread and bid and ask quantities observed in the first two levels of the book. 

Realized volatility is also computed and GARCH and GARCH-X forecasts are evaluated relative 

to the RV. The forecasting performance were evaluated using the Diebold-Mariano test.  

The results suggest that both GARCH and GARCH-X models fit the data. In particular, 

the LOB variables included in the GARCH-X model appear to be significant in explaining the 

returns variance. However, somehow unanticipated, the GARCH-X model does not outperform 

the GARCH model’s forecasting performance when using RV as a measure of real volatility. 

Both GARCH and GARCH-X forecasts appear to be more in line with each other and apart from 

RV, with GARCH-X exhibiting higher fluctuations. These results could be due to several 

reasons.  

First, both models are compared to RV, which is constructed using similar data than the 

one used in the GARCH model, and which does not incorporate LOB information (other than the 
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weights used to construct the return series). Future work could use, or develop, a different 

measure of realized volatility to use as a benchmark when assessing the forecasting performance 

of the estimated models, which takes into account more information from the LOB. For example, 

a measure of realized volatility using weights coming from steps beyond the best bid and ask 

could be constructed. The two-scale realized volatility proposed by Zhang et al. (2005) 

accommodates some of the issues that are inherent to high frequency data.  

Second, the higher variability of the GARCH-X forecasts can be explained by the more 

frequent changes in variables such as bid and ask quantities. The signs of the coefficients for 

quantities are more in line with expectations in hogs relative to corn, when the expectation is 

based on the assumption that trader strategies target either the first level or the second level when 

their perception of risk changes. Strategies could also target both levels at the same time, or both 

levels could be targeted by traders with different expectations, in which case the LOB would 

show increases or decreases in the quantities of both steps. Traders’ strategies could also involve 

steps further away from the first two steps. Future work could use different variables such as 

quantities in further levels of the LOB or the ratio of quantities (however the ratio wouldn’t 

account for the case when quantities in different levels increase or decrease by the same 

proportion).  

Third, the forecasting performance of the estimated models could also be improved by 

updating the estimated models more often and including data from the same day for which the 

forecast is being made. Furthermore, the specification of each model could change for different 

days based on both goodness of fit measures and market information which may be known in 

specific days (for example, when public reports with specific information for each commodity 

are released).  
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Finally, another area to be explored in future research is the frequency of data sampling. 

This study followed one criteria based on transaction price changes. The snapshots duration used 

here may change when a different time period is used. Valuable information may be overlooked 

or discarded when sampling based on transaction prices. Realized volatility computed using 

more frequent snapshots or the full data could provide a different benchmark for forecasting 

performance evaluation. Future research could address in more detail the sampling frequency 

question.  
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