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ABSTRACT 
Corn is one of the food commodities traded globally as food, feed and biofuel commodities. Global demand 

for corn will tend to increase from year to year considering the multifunctional uses of corn. Climate change 

also take part in decreasing global production. Producer countries, namely China, America, and Brazil, 

suffered severe drought in 2020. It had impact in global corn market since the low of production. Globally, 

corn is used as food, but Indonesia imports corn as feed. Therefore, the price of corn in the global market 

is of concern to the Indonesian government. Fluctuations alone are not enough to describe the movement 

of corn prices, it is necessary to do a volatility analysis to find out how much uncertainty corn prices are 

in the global market. This study aims to determine the volatility of corn prices in the world market. The 

data used is secondary data obtained from the World Bank's Pink Sheet Data from 1960 to 2020. This study 

uses the econometric method using the ARIMA (Autoregressive Integrated Moving Average) and ARCH 

GARCH (Autoregressive Conditional Heteroscedasticity-Generalized Autoregressive Conditional 

Heteroscedasticity) model. The results showed that corn prices were volatile most of the year from 1960 to 

2020. 
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ABSTRAK 
Jagung merupakan salah satu komoditas pangan yang diperdagangkan secara global sebagai komoditas 

pangan, pakan dan biofuel. Permintaan jagung global akan cenderung meningkat dari tahun ke tahun, 

mengingat kegunaan jagung yang multifungsi. Perubahan iklim juga berperan dalam penurunan produksi 

global. Negara-negara produsen yaitu Tiongkok, Amerika, dan Brazil mengalami kekeringan parah pada 

tahun 2020. Hal ini berdampak pada pasar jagung global karena rendahnya produksi. Secara global, jagung 

digunakan sebagai pangan, namun Indonesia mengimpor jagung sebagai pakan. Oleh karena itu, harga 

jagung di pasar global menjadi perhatian pemerintah Indonesia. Fluktuasi saja tidak cukup untuk 

menggambarkan pergerakan harga jagung, perlu dilakukan analisis volatilitas untuk mengetahui seberapa 

besar ketidakpastian harga jagung di pasar global. Penelitian ini bertujuan untuk mengetahui volatilitas 

harga jagung di pasar dunia. Data yang digunakan merupakan data sekunder yang diperoleh dari Pink Sheet 

Data Bank Dunia pada tahun 1960 hingga tahun 2020. Penelitian ini menggunakan metode ekonometrika 

dengan menggunakan model ARIMA (Autoregressive Integrated Moving Average) dan ARCH GARCH 

(Autoregressive Conditional Heteroscedasticity-Generalized Autoregressive Conditional 

Heteroscedasticity). Hasil penelitian menunjukkan bahwa harga jagung mengalami volatilitas hampir 

sepanjang tahun dari tahun 1960 hingga 2020. 
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INTRODUCTION 

Researchers nowadays have analyzed historical price fluctuations along with 

climate data to determine how that has affected inflation. Climate change has already 

pushed up food prices and inflation over all. Meanwhile, continued global warming is 

projected to increase food prices in the future. SDGs no hunger become more challenging 

as this issue arises (Erdogan et al., 2024; Kotz et al., 2024; Rizkiyah & Shofiyah, 2021). 

Global warming affects crops in several ways. Yields of corn fall dramatically after 

the increasing temperature (Dhaliwal & Williams, 2022). Poor countries feel the effects 

of high prices more, but all nations will be affected by climate-fueled inflation. It’s 

entirely usual for food prices to fluctuate alongside the season, but the exceptionally hot 

and dry summer being experienced across the globe has caused poor harvest and many 

crops to fail (Chaudhry et al., 2021).  

Across the world, food prices rose sharply in 2020. The monthly changes of prices 

tracked in international prices. Volatile climatic conditions have been responsible for 

reduced production which is impacting the volatility of food prices (Birgani et al., 2022). 

Global food system makes production in one location impact the price and availability of 

food in another location in the world. Many countries are highly dependent on food 

imports. It is important to recognize this as a form of climate vulnerability, as climate 

change impacts in producing countries are likely to exacerbate global food price shocks 

(Chernova & Noha, 2019; Rozi et al., 2023; Ruccy et al., 2022; Wijayati et al., 2019). 

In a changing climate, agricultural production is expected to become more variable, 

with higher risks of crop failures because of drought, floods, and extreme heat (Meng & 

Qian, 2024; Qian et al., 2023). That, in turn, could increase the volatility of food price on 

global markets, with particularly serious implications for countries that import a large 

share of their food. Global trade creates global food system, even though it has many 

benefits for both buyers and sellers, but it can also be source of risk. Through trade, 

adverse events in one part of the world can affect other countries as well (Adamchick & 

Perez, 2020; Ji et al., 2024). 

Global climate change affects corn production globally. Corn producers in the 

world suffered severe drought in the last decade. Although corn yields have increased 

from 1995 to 2012, the sensitivity of maize yields to drought stress associated with high 

vapor pressure deficit has increased. It implies if there is no agronomic changes to 

improve drought tolerance of plants, yields would decrease (Lobell et al., 2014; Malau et 

al., 2023; Rachmadhan et al., 2020). 

Prices of agricultural products experienced high fluctuations in the middle of 2007. 

Prices of maize recorded its highest levels in early 2008 and then fell drastically in mid-

2008. Furthermore, food commodity prices also increased in mid-2010 and peaked prices 

occurred in 2011. USDA recorded the price of yellow corn in August 2011 was $7.30 per 

bushel (one bushel is equivalent to 27 kg). Previously in June 2008 the price of yellow 

corn was recorded at $6.55 per bushel and fell drastically in September 2009 to $3.10 

(USDA, 2011). 

In 2008 the United States began to develop biofuels with the main raw material 

being corn. This development occurred after the Renewable Fuels Standard (RFS) policy 

in 2007. This policy resulted in an increase in the annual target for biofuels production, 

thus requiring more corn raw materials. One-third of the world's corn production comes 

from the United States. In addition, the United States is also an exporter of two-thirds of 

the world's corn. However, as much as 37.9 percent of the total supply of corn in the 

United States is used as raw material for biofuels (USDA, 2018). 
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The United States is the world's largest supplier and exporter of corn, causing the 

US domestic biofuels policy to affect world corn prices. Corn prices rose to record highs 

and set to climb further as torrential rains threatened to reduce further US crop prospects 

in a market already facing tight supplies and surging demand. The World Bank itself uses 

corn prices in the US as a reference price because the US is the country that has the most 

influence on supply and plays a crucial role in world corn trade (Kocak et al., 2022). 

The world food crisis occurred in 2008, corn was one of those affected by the food 

crisis. The development of biofuels in the US accounts for a 23 percent increase in world 

corn prices (Klein & Luna, 2022). This factor, along with heavy rain across US corn 

acreage and combined with tight global grain supplies, resulted in record prices for corn. 

In 2012, the development of biofuels accounted for 40 percent of the corn price spike 

(Lee & Durmaz, 2016). 

World prices for corn commodities have experienced several shocks due to 

production shortages, policy changes, and world economic crisis. Whereas corn is a very 

strategic commodity that can be used as food, feed, and fuel. Price shocks in the market 

can be reflected through price volatility. The standard deviation of prices from corn 

commodities in several periods can be seen through this volatility analysis.  

This analysis of world corn price volatility can be used as a reference to determine 

the period when corn prices experience shocks. The novelty of this research is used 1960 

to 2020 data; so the research is considering two economic crises in 1973 and 2008. This 

analysis is particularly useful in countries that have a very high import dependence on 

maize (eg China, Mexico, Japan, Vietnam, and South Korea). Indonesia also imports corn 

which is used as feed. Imports will be carried out when domestic production cannot meet 

domestic demand. Therefore, this analysis is also useful for the Indonesian government 

in anticipating the volatility of corn prices in the world market. 

 

METHODS 

Data Collection 

The data used is the monthly time series of corn commodity actual prices from 

January 1960 to December 2020 (732 data) obtained from the World Bank's Pink Sheet 

Data (World Bank, 2022). Corn price data refers to prices in the United States. 

 

Data Analysis 

Volatility analysis in this study uses the ARCH GARCH model. ARCH GARCH 

analysis uses the concepts of variance and standard deviation with the aim of knowing 

how fast the data changes. The phenomenon of volatility is characterized by symptoms 

of heteroscedasticity (variance that changes erratically from time to time). The stages in 

the ARCH GARCH analysis are as follows: 

1. Identification of ARCH Effects 

The corn price data will be tested whether it contains heteroscedasticity as a sign 

of the ARCH effect. The tests were carried out using the correlogram test. If the value 

of the Autocorrelation Function (ACF) is not close to zero, then the data is not 

stationary and contains heteroscedasticity (Widarjono, 2018). 

 

 



Jurnal Sosial Ekonomi Pertanian (J-SEP), VOL.17 NO.2, JULI 2024 ~   184 

2. Model Estimation 

Before estimating the ARCH GARCH model, the Box Jenkins method was used 

to find the best ARIMA model. The stages in the ARIMA model estimation are as 

follows. 

 

Data Stationarity Test 

Stationarity test was carried out with the Augmented Dickey Fuller test. If the ADF 

test value is less than the critical value, then the data is stationary. If not, differencing will 

be carried out until it is stationary. 

 

Determination of the best ARIMA model 

The best ARIMA model is selected tentatively by determining the order of AR (p), MA 

(q), and d obtained from how much differencing is done. In the end, the ARIMA model 

(p,d,q) will be formed. The best model was selected with the following criteria: the 

smallest Akaike Info Criterion (AIC) value, the smallest Schwartz Criterion (SC) value, 

the smallest Sum Square Resid (SSE), and the largest adjusted R-square value. 

After the best ARIMA model is known, the next step is to estimate the best ARCH 

GARCH model. The best ARIMA model that has been formed is tested whether there is 

an ARCH effect using the ARCH LM test. Data containing ARCH effect can be used to 

estimate the best ARCH GARCH model. The criterion is if the probability value of F 

statistic is less than 0.05, then the corn data used contains the ARCH effect. Furthermore, 

similar to the formation of the ARIMA model, the ARCH GARCH model is also 

determined tentatively with the criteria of having the lowest AIC value, significant 

coefficient, the number of coefficient values is not more than one and is not negative, and 

has the largest SSE value and log likelihood value (Firdaus, 2011). 

1. Model Evaluation 

The model needs to be evaluated to prove that the model built is adequate. This 

study evaluates the effect of ARCH with the ARCH LM test. If the p-value > 0.05, 

then the model built has no ARCH effect, which means that the model built is adequate. 

2. Calculation of Price Variance Value 

After the model is adequate, forecasting can be done using the ARCH GARCH 

model. This last stage is done by entering the parameters in the obtained equation. 

3. Model Identification 

Corn data needs to be tested first whether it contains heteroscedasticity or not. The 

main requirement in the ARCH GARCH model is the existence of heteroscedasticity. 

This study uses the Correlogram test. The value of Autocorrelation Function (ACF) 

was observed in the first 15 lags. The presence of heteroscedasticity is indicated by the 

ACF value which is not close to zero in the first 15 lags. A kurtosis value that is more 

than three also indicates a heteroscedasticity problem because it is more pointed than 

the normal curve. 
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Table 1. Identification of Heteroscedasticity 

ACF Value Lag Probability 1-15 Curtosis Value Heteroscedasticity Symptomp 

Not close to zero Significant 5,233 Yes 

Based on the Correlogram and kurtosis test in Table 1, the price of maize is 

heteroscedasticity. This indicates that the data can be analyzed further to determine its 

volatility. 

 

Model Estimation 

1. The best ARIMA estimate 

Stationarity test is the first step for the best ARIMA estimation. Stationarity was 

tested using the Augmented Dickey Fuller test (ADF test). If the t value of the ADF 

test statistic is greater than the critical value, then the data is stationary. The data can 

also be said to be stationary if the probability value is less than the 5 percent 

significance level. Differencing will be carried out until the data is stationary. 

Table 2. ADF test results on corn data 

ADF Test level ADF Test First Differencing 

T-statistic T-statistic 

-2.493 -11.779*** 

Note: *** significant at 1% 

Based on the ADF test, it can be seen that the corn price has not been stationary 

at the level but has reached stationary at the first difference. Data that has been 

stationary can then be forwarded to find out the best ARIMA. The best ARIMA model 

is determined in a tentative way based on the following criteria: parsimonious, 

significant coefficient, invertibility and stationary, convergent, has the smallest AIC 

and SC values, has the smallest standard of regression and sum square residual values, 

has the largest Aadjusted R square value, and has the biggest F statistic. The best 

ARIMA model based on these criteria is ARIMA (3, 1, 4). 

2. The best ARCH GARCH estimate 

The estimation of the ARCH GARCH model begins with the ARCH test. If the 

probability value of F statistic is less than the 5 percent nay level, then the data contains 

the ARCH effect. The following shows the results of the ARCH test. 

Table 3. ARCH effect test results 

The best ARIMA model F statistic 

ARIMA (3, 1, 4) 713.266*** 

Note: *** significant at 1% 

The corn price data that will be used contains the ARCH effect so that it can be 

continued for the estimation of the ARCH GARCH model. The estimation of the 

ARCH GARCH model is carried out in a tentative way like the previous ARIMA 

model. The best ARCH GARCH model is determined by the following criteria: has a 
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significant coefficient, has the lowest AIC value, the total coefficient value is not 

negative and not more than one, has the smallest sum square resid value and the largest 

log likelihood value. In accordance with these criteria, the best ARCH GARCH model 

chosen is ARCH (1, 0). 

 

Model Evaluation 

Evaluation needs to be done to find out whether the selected ARCH GARCH model 

is adequate. The evaluation of the model in this study is the ARCH LM test to identify 

whether there is still an ARCH effect on the data. A good model is a model that does not 

contain the ARCH effect. The model is said to be free from the ARCH effect if the 

probability value of the ARCH LM test is greater than the 5 percent significance level. 

The ARCH LM test produces a probability value of 0.9051 (> 0.05), which means that 

the selected ARCH GARCH model is free from the ARCH effect and the ARCH model 

(1, 0) is considered adequate to be used. 

 

RESULT AND DISCUSSION 

Equation of Variance and Volatility Behavior 

Based on the model that has been selected, namely ARCH (1, 0), then the 

variance equation formed for corn commodity prices on the world market is as follows: 

σ2
t = 46.2215035217 + 0.992120746995 e2

t-1  (1) 

Based on this model, it can be seen that the corn commodity price variance is 

influenced by the volatility of corn prices in the previous period. The coefficient of the 

ARCH rate of 0.992 (close to 1) indicates that the volatility of corn prices in the global 

market tends to be high. The model can be described in the following graph of volatility 

behavior. 

  
Figure 1. Corn price volatility behaviour 

 

 

1973 Crisis 2008 Crisis Resesion 
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Figure 1 is a graph of the conditional standard deviation of corn prices in the global 

market from January 1960 to December 2020. The behavior of volatility can be seen 

through the graph of the conditional standard deviation. High chart peaks indicate that 

there has been high volatility in the price. 

During the period from January 1960 to December 2020, the world has experienced 

several crises and recessions. Food crises were recorded to have occurred in 1973 and 

2008. Furthermore, the world faced a global recession due to the Covid-19 pandemic at 

the end of 2019 to 2020. Based on the graph, it can be seen that the crisis was indeed one 

of the causes of price volatility. Corn commodity experienced a price spike in the 1973-

1975 crisis. Corn prices were also volatile during the 2008 crisis. However, there are 

differences between the two crises. The volatility of corn prices in the 1973 crisis was 

only seen during the crisis. After the crisis in 1976, prices fell again. Meanwhile, in the 

2008 crisis, price volatility still occurred even though the crisis was over. Previous 

researchs also show that corn price volatility was higher in the 2008 crisis than the 1973 

crisis (Osei et al., 2024; Sholihah & Kusnadi, 2019; Wijayati et al., 2022). 

The global food crisis of 2007-2008 brought food price volatility into sharp focus 

for many goverments around the world. The crisis resulted from complex interactions of 

multiple factors, such as higher oil prices, depreciation of the US dollar, biofuel policies, 

changing food demand patterns, unusual weather, structural features of international 

commodity markets and world agricultural trade, as well as trade dynamics and 

government’ trade policy responses. Global food price volatility is still not widely 

recognize as a climate-related risk. But, in fact, it has to do with climate change (Haile et 

al., 2016; Osei et al., 2024; Taghizadeh-Hesary et al., 2019). 

Price volatility in food staples, like corn, can effectively reduce household income. 

In developing countries, it is common for people to spend as much as half their money on 

food. So, small changes in price can make a large impact. Developing countries that 

depend on food imports are keenly aware of their vulnerability to global food price shocks 

(Chernova & Noha, 2019). The 2007-2008 crisis highlighted the importance of protecting 

domestic food markets from those shocks. Having seen the price of maize double between 

2007 and 2008, many import-dependent countries are now determined to become self-

sufficient in this staple food (Chernova & Noha, 2019). For example, Indonesia. 

Indonesia was largely unnafected by the 2007-2008 price surge. 

The volatility of corn commodity prices in the world market can disrupt countries 

that have a high dependence on imports and countries that use corn as a staple food. Corn 

is a staple food for the population of eastern Africa and southern Africa. Corn accounts 

mostly of low-income household expenditures in Africa. About one-third of the caloric 

intake of people in Sub-Saharan Africa comes from maize. Africa imports more than a 

quarters of its required maize grain from countries outside the continent as most of the 

maize production in Africa is done under rain-fed conditions (Ekpa et al., 2019).  

Irregular rainfall can trigger shortages during occasional droughts. So that when the 

world experiences a food crisis, it is indicated that these countries are experiencing famine 

because they are unable to access basic food economically. The Intergovernmental Panel 

on Climate Change (IPCC) on its Fifth Assesment Report, summarizes existing evidence 

on how climate change will affect food security and food production systems. Climate 

change has the potential to affect all aspects of food security, including food access and 

price stability. Climate change will increase inter-annual variability and will negatively 

affect production of major crops such as maize in most temperate and tropical regions 

(Meng & Qian, 2024). 
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Empirically, the volatility of corn prices was caused by three general factors, 

including global demand, speculation, and energy prices or energy policies related to 

biofuels. Volatile prices after the 2008 food crisis are also indicated by the United States' 

biofuel development policy. Development of biofuels in the United States is using yellow 

corn. China is also developing biofuels using the same type of corn as the United States 

(Evalia et al., 2022; Haile et al., 2016; Kocak et al., 2022). 

Increased demand for animal protein commodities, such as beef or chicken, can 

indirectly increase the demand for corn as feed. Corn prices after the 2008 crisis were 

volatile which was also caused by high demand as a raw material for biofuels. There is 

widespread price speculation starting from the crude oil and metals market to the 

agricultural commodity market. Prices go back down when the speculation is over. 

Meanwhile, the global recession that occurred in 2020 did not cause volatile corn prices 

as in the 1973 crisis and 2008 crisis (Al-Maadid et al., 2017; Dybowski & Bugala, 2016; 

Osei et al., 2024). 

 

CONCLUSION AND RECCOMENDATION 

Based on the analysis of corn price volatility, it shows that corn has a volatile price 

at the global level. The 2008 crisis had a large volatility impact even after the crisis was 

over. The volatility of corn prices is indicated due to the policy of developing biofuels in 

the United States, increasing global demand, speculation, and energy prices, or energy 

policies related to biofuels, as well as global climate change. 

Many countries are highly dependent on corn imports. This is important to 

recognize as a form of climate vulnerability, as climate change impacts in producing 

countries are likely to exacerbate global corn price shocks. Diversification can help 

countries reduce their food systems’ vulnerability to climate change. Balancing food 

imports, particularly of staples such as corn, with domestic production, and maintaining 

a diverse array of domestically grown crops to provide alternative food sources in the 

event of a staple crop failure. Restricting corn exports during food crises, may exacerbate 

risks at the global level. 
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