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  I 

Executive Summary 

This study aims at closing the gap between what is claimed to cause wheat prices to 

fluctuate and what can be empirically established. In the course of the research, the impact of 

four variables on wheat prices are tested empirically, namely wheat inventories, US dollar, oil 

price, and speculation. Using twenty years of data, a regression analysis and a Granger 

causality test are conducted. It is found that wheat inventories have a significant negative 

relationship to wheat price. However, the direction of the causality cannot be determined. The 

US dollar is shown to have a significant negative relationship to wheat prices. In addition, it 

is found that the US dollar is Granger causing changes in the wheat price. Furthermore, the 

price of oil is found to have a significant positive relationship to wheat prices, though no 

causality can be determined. Lastly, speculation proves to have a significant positive 

relationship to wheat prices. Interestingly, the results further indicate that increasing wheat 

prices cause speculators to enter the market, and not the opposite. Although each variable is 

shown to be significant at the individual level, this cannot be confirmed for the joint model of 

all variables. Furthermore, the joint model fails to explain a considerable amount of the 

fluctuation in wheat prices, indicating that other variables which have an impact on the wheat 

price have not been accounted for. The main implications of the findings are that policy 

makers should direct less attention at speculators and focus more on stabilizing exchange 

rates and initiating a process to reduce the dependence the production of wheat has on oil. 

Overall, the results may serve as a starting point for more accurate political debate and 

research direction. 
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1.  Introduction 

Rising food prices have become a matter of great public interest in recent years. While 

the Western world is relatively unaffected by price fluctuations as most people are not price 

sensitive to food products, people in poorer regions are less fortunate when prices rise. Small 

variations in wheat price in poorer regions can mean the difference between having enough 

food for the day and going hungry. The fact that food has become increasingly expensive is 

also reflected by the United Nations Food and Agricultural Organization (FAO) Food Price 

Index. Today the index stands at its all-time high with food prices having doubled since 2004 

(FAO, 2011a). This fact has been mirrored in riots around the world, including Egypt, 

Tunisia, and Algeria. Major publications have dealt extensively with the topic. It is one of the 

most important items on the current G20 agenda, and other interest groups have expressed 

major concerns on this development. While the debate is highly emotional and many points 

that have been raised can be easily dismissed, it cannot be denied that over the past five years 

the wheat price has risen by a staggering one hundred percent. The argument that speculation 

in commodity futures markets has been the main cause of driving the prices is at the center of 

the debate. The conflict between the arguments is further aggravated by the difficulties in 

finding a common measure for speculation. Consequently, the empirical evidence of its role 

is scarce.  

This study aims to contribute to the debate by clarifying the role of main drivers of 

wheat price changes. Based on a thorough literature review, expert opinions and further 

research, the variables „wheat inventories‟, „US dollar‟, „oil price‟ and „speculation‟ have 

been identified to be of potential significance. In the course of the research it will be 

empirically investigated as to how these variables have driven the fluctuations in wheat price 

the past twenty years. Based on the findings, some important implications for policy makers 

and the future outlook will be highlighted. The empirical analysis is based on a dataset that 

covers the past twenty years of data. A regression analysis and a Granger causality test are 

conducted to provide empirical evidence. 

The thesis is structured as follows. First, a detailed review of the most recent and 

essential findings of the research body will be presented and analyzed. The literature review 

is organized along a number of different variables that potentially are related to commodity 

prices in general and to wheat prices in particular. Again, after studying the research field it 
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will become obvious that the findings lack empirical evidence to some extent and are partly 

anecdotal in nature. Next, before conducting the empirical analysis, a theoretical introduction 

will be presented. Here, the methodology will be outlined, including the theories and 

assumptions underlying regression analysis and Granger causality models. A major issue that 

will be dealt with is the obstacles time series data faces, characterized as being non-

stationary. After transformation of the data, we build the econometric models and present the 

results. Lastly, the results of the empirical analysis will be discussed and a future outlook will 

be presented. 

The study contributes to the field in a number of ways. First, we introduce two new 

measures of speculation that differ from the measures used by prior researchers. In measuring 

speculation as the „number of non-commercial traders in the market‟ and the „percentage of 

non-commercial traders with open interest‟, we believe to have found a measure that 

represents reality as closely as possible. Given the lack of detailed information on traders‟ 

intentions, having a less optimum measure of the degree of speculation is otherwise a main 

obstacle. Second, based on our empirical findings, we have been able to draw conclusions on 

the validity of many of the arguments brought forward in the debate. For instance, 

speculation has indeed been found to matter to a great extent. However, in contrast to what is 

generally argued, we find that speculation in wheat futures market is a result, not a cause, of 

higher wheat prices. The contributions of this study can give guidance and should be 

perceived as a starting point, not an established truth, in the future debate and research. 

It must be acknowledged that this study has limitations. As mentioned, new measures 

of speculation have been developed. They are of course subject to scrutiny and the validity 

should be confirmed by further research. Furthermore, the time period has been chosen to 

also be representative going forward in time. It captures the 1990s in which commodity 

prices remained mostly stable, but also captures the years following the Global Financial 

Crisis, with prices skyrocketing and sharply declining within a matter of few months. 

However, a different time period might have result in different findings, as a consequence of 

the major fluctuations. One last limitation is that the results are a product of the models used 

and rely on the validity of the regression analysis and the Granger causality test. These have 

been scrutinized as will become apparent in this study. 
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2. Literature Review 

An extensive body of research exists on the topic of increasing commodity prices. 

Authors from different fields have found a large variety of reasons underlying the increase in 

prices of oil, cereal, and other commodities. In the following, we will summarize the most 

important contributions to the field. Research on potential drivers of commodity prices will 

be presented and assessed. Additionally, findings on what has caused the recent spikes in 

wheat prices will be summarized. Indeed, differences in drivers of prices exist among 

commodities. However, findings on commodities in general can often be applied to 

individual commodities as well. The main arguments for rising commodity prices include 

increased demand in the developing world, supply shocks due to adverse weather conditions 

and the emergence of biofuel, macroeconomic conditions, including the US Dollar value, and 

the financialization of commodities. The literature review will be structured along those 

arguments. Research on demand side factors, supply, inventories, cost drivers, 

macroeconomic factors, and the financialization of commodities will be presented. The 

possible impact of financialization of commodities represents the largest portion of the 

literature review. The reason for this is that the role of financialization is a relatively new 

phenomenon and its effect is currently a matter of considerable debate. Thus, its impact is not 

established to the same extent as other factors.  

2.1 Demand 

With developing countries‟ populations and wealth greatly increasing over the past 

years, their demand for commodities, including foods, has increased. Black (2009) points to 

the fact that consumption of all kinds of commodities in Emerging Markets has increased, 

causing prices to rise. For instance, commodity consumption in the Asia-Pacific region has 

grown three times faster than the rate of developed countries. The author claims that this 

phenomenon is attributable to the fact that wealth has spread in the developing world and that 

it mainly affects energy consumption. Frankel and Rose (2010) support this view. They argue 

that growth in economic activity, particularly in China and India, together with expected 

continued high growth rates in these regions has increased demand and hence increased the 

price for commodities. They present a model that empirically tests this hypothesis and find 

some empirical support for the influence of economic activity on commodity prices. Gilbert 

(2010) is in line with the other authors. Using a Granger causality test, he empirically proves 

that world GDP growth is a main determinant of agricultural commodity prices. The wheat 
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price is included in the set and his finding point to the fact that a growing economy will 

increase the demand for wheat and in turn push up prices. 

In an editorial in the New York Times, Krugman (2008) claims that “the march of the 

meat-eating Chinese” (2008, p.1) has caused increased demand for meat and therefore prices 

for grains have risen. The argument is that a growing proportion of consumers in developing 

countries have started to change their diet to a more Western one, including more meat. 

Producing 100 calories worth of meat requires 700 calories worth of animal feed, causing 

higher demand for grains. Wolf (2008b), Chief Economics Commentator at the Financial 

Times also blames “strong rises in incomes per head in China, India and other emerging 

countries” (2008, p.1) that result in rising demand for meat and the related animal feeds on 

higher food and commodity prices. 

Geman (2005) finds another indirect way that surging economies in the developing 

world impact commodity prices. She argues that as more ships go to China to satisfy its ever 

increasing hunger for raw materials of all kinds, fewer vessels are available to ship goods 

between the rest of the world, resulting in supply shortages and higher shipping rates. Both 

these factors push commodity prices up. She supports her point by quoting the Baltic Dry 

Index, “a measure of spot charter rates for ships carrying bulk commodities” (Financial 

Times Lexicon, 2011). The values of various commodity indices over the past years closely 

resemble that of the Baltic Dry Index. However, Geman fails to provide a causality test in 

order to answer the question whether higher shipping rates have contributed to higher 

commodity prices or whether increasing commodity prices sparked greater global trade and 

higher shipping rates. However, some researchers disagree with this notion. In a report by the 

British Department of Environment, Food, and Rural Affairs (defra, 2010), the authors reject 

the argument that the economic and population growth in China and India has had a major 

effect on commodity price spikes. They claim the effect of demand from a developing 

country on food and commodity prices has been overstated. Instead, they argue that both 

China and India have a strong desire and the capability of being largely self-sufficient. Heady 

and Fan (2008) support this argument empirically. Their research found that China imported 

less wheat between 2000 and 2007 than it did in the preceding eight years. Therefore, they 

argue the increased wealth and demand for numerous commodities in China does not actually 

affect world food commodity demand. However, the authors warn that Chinese and Indian 

policies may still have an effect on international markets through stock policies and export 
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restrictions (Heady and Fan, 2008). Furthermore, by influencing the demand for oil, China 

and India can still affect food commodity prices, though only indirectly. 

Baffes and Haniotis (2010), two World Bank researchers, also reject the hypothesis 

that developing countries' demand pushes up food commodity prices. They provide data of 

demand growth for a number of key food commodities between 1961 and 2008. The data 

indicates that demand growth for most grains, beef, and poultry has in fact been lower than 

population or GDP growth over the same period. The authors also point to the example of the 

sharp rise in wheat and rice prices during 2008, while food demand was in fact stagnating. 

They conclude that there must be other drivers of commodity prices. 

2.2 Supply 

While some authors focus on demand side shocks in their research, others highlight 

supply side factors as causes of commodity and wheat price fluctuations. Specifically, some 

researchers blame the increased demand in biofuels as a cause for rising commodity prices. 

Biofuels, such as ethanol made from fermenting the sugar of different plants, such as corn or 

rapeseed, provide independence from oil and an environmentally friendly way of powering 

cars, machines, etc. (The Economist, 2010). With oil prices reaching an all-time high of more 

than $145 a barrel in July of 2008 and standing well above $100 a barrel at the time of 

writing (EIA, 2011), biofuels have become more competitive compared to oil. In addition, 

governments aim to encourage renewable fuels production through import tariffs and 

subsidies (Naylor & Falcon, 2010). As a result, American and European farmers are attracted 

to growing crops used in the production process of biofuels, making their land unavailable for 

the cultivation of wheat, rice, or other food commodities and thus leading to higher food 

prices (Gilbert, 2010). According to Mitchell (2008), a World Bank researcher, in 2007 the 

U.S. expanded its land used for maize cultivation by 27%. This was at the expense of 

soybeans, whose price increased sharply between 2007 and 2008. Looking at the use of the 

corn crop, it becomes clear that farmers have shifted production in order to benefit from 

government subsidies. According to a Goldman Sachs study, in 2010 more than 40% of the 

U.S. corn crop and about 15% of the global corn crop were consumed by the ethanol industry 

(Wynn, 2010). 

However, the precise effects of this development are far from clear and researchers 

have failed to provide conclusive empirical evidence for their findings, as Mitchell (2008) 

notes. Rather, there are a number of different estimates of the likely impact of increased 
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cultivation of crops for biofuels. For instance, the IMF estimates that demand for biofuels 

accounts for 70% of the increase in maize prices and 40% of the increase in soy bean prices 

(Lipsky, 2008). Rosegrant et al. (2008) estimate the impact of biofuel production on cereal 

prices to be 30% between 2000 and 2007. The reasons for these discrepancies are different 

research methods used, including different time periods, different prices considered, and the 

currency in which prices were expressed. 

Another explanation that has emerged in the past years deals with the role of weather 

related disasters as supply shocks. In particular, the increased number of droughts and floods 

due to more volatile weather patterns has been cited. Torero and von Braun (2010) claim that 

the worldwide production of grains has decreased due to the climate change and further that 

climate change will increasingly affect the global food supply in the future. Naylor and 

Falcon (2010) point to the case of wheat, which has been massively affected by droughts. 

Australia experienced severe droughts between 2006 and 2008, leaving its wheat production 

reduced by about fifty percent and causing a decline in the world wheat production of 

approximately seven percent. Following the massive droughts in 2010, an extreme heat wave 

hit Russia, Ukraine, and Kazakhstan, causing the wheat production in these countries to 

decrease by 27%, 19%, and 35% respectively. As a consequence, Russia announced a ban on 

wheat exports, which is argued by some to have had major implications for the world wheat 

price, which shot up by 66% between June and August of 2010 (Naylor & Falcon, 2010),  the 

reasoning being that a shortage in wheat supply brought down inventories and thus increased 

prices. 

However, some researchers partly disagree with this notion. While Mitchell (2008) 

admits that wheat harvest had been bad in Australia in 2006 and 2007, he states that these 

declines have by far been offset by good crops in other countries. Therefore, prices could not 

have been affected by declining crops alone. With so many different countries involved in the 

production of wheat, by definition, some will have below average crops while others will 

harvest more than the average. However, Mitchell admits that smaller crops may have 

contributed to higher prices. 

Some researchers believe that global warming is the factor underlying the adverse 

weather conditions we have experienced in the past, including the more frequent and the 

more severe occurrence of droughts, storms, and the like. In a 2007 book on global warming 

and agriculture, Cline (2007), a researcher for a non-profit think-tank, estimates the impact of 
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global warming on agricultural output in 2080. His findings range from an increase in 

agricultural output in industrial countries of 7.7% to a decrease in agricultural output in 

Africa of 27.5% under certain scenarios. Therefore, long-term effects on agricultural 

commodities, caused by continuous adverse weather conditions and the aggravation hereof 

must be considered. 

2.3 Inventories 

Wheat inventories are related to supply and demand shocks but will be examined in 

greater detail here. Inventories play a crucial role in the supply of commodities, especially 

agricultural goods. This is due to the fact that the supply side of agricultural products is 

highly inelastic (Geman, 2005). While the production of most other goods can simply be 

increased along with increases in demand, the seasonal nature of agricultural goods prevents 

this from occurring. Therefore, it is of great importance to build up inventories in times of 

excess supply so as to be able to meet higher demand at a later stage. When supply shocks 

occur due to adverse weather conditions or political upheaval for instance, inventories are 

used to balance supply and demand. However, this balancing mechanism can only work if 

stocks exist in sufficient volumes (Geman, 2005). When inventories are low, tapping 

commodity stocks to balance supply and demand can send prices upwards since the reduction 

in inventories represents a much larger share of global stocks (Defra, 2010). Black (2009) 

exemplifies this with the case of corn. He states that corn demand exceeded corn supply in 

five years between 2000 and 2007. He warns that with inventories low, the corn market is 

vulnerable to supply shocks and that even small changes in supply can lead to substantial 

increases in prices and that inventories might not be able to meet higher demand. Piesse and 

Thirtle (2009) agree with this argument and blame the low stock-to-utilization ratio as the 

single most influential factor causing commodity price spikes. They empirically prove that 

the FAO Cereals Price Index moves in the opposite direction of stock-to-utilization ratios 

(with   = -0.65 and    = 0.42). Furthermore, the authors point out that this adverse 

relationship between agricultural stocks and prices has held true in the past, with stocks at all-

time lows during the 1972-73 food crisis and during the 2007-08 price spikes. 

In the price spike in commodities in 2007-08 it has been argued that the stock levels 

played in fact two roles. Inventories were declining as production grew more slowly than 

consumption and once reduced, the stock levels were insufficient to prevent short-term 

shocks from driving prices upwards (Defra, 2010). This represents the conventional view 
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where the inventory levels have an effect on the price of commodities. However, there also 

exists an opposing view to this. 

The reverse relationship, where the fluctuation in price is causing the shifts in 

inventory levels, has also been empirically proven. Pietola et al. (2010) examine the causal 

relationship between price, inventories and volatility in the global wheat market. Conducting 

a Granger causality test, they find a pairwise causal relationships. In particular, they find that 

inventory levels cause wheat price volatility, wheat price volatility in turn causes the wheat 

price to rise or fall, and higher or lower wheat prices cause wheat inventories to fluctuate. 

Thus, it may also be the case that a high (low) price in the wheat market is causing 

inventories to decline (rise). Their explanation is that the inventory information is already 

accounted for in the prices when they are announced (Pietola et al., 2010).  

In summary, one can identify opposing views on the relationship between wheat 

prices and inventories. Indeed, most findings recognize an inverse relationship between 

wheat inventories and wheat prices. However, the causality, i.e. wheat inventories impact on 

price or vice versa is yet uncertain. 

2.4 Cost Drivers 

Cost drivers are factors that indirectly impact commodity prices. They are products or 

resources that are used in the production process of the commodity. Oil is the one of the most 

important cost drivers and in today‟s world is present in virtually every commodity‟s value 

chain. The oil price influences commodity prices in two ways. First, energy-related inputs 

that rise and fall with crude oil prices form a large part of the agricultural budget in the 

developed world. Energy-related inputs include fertilizers and pesticides, whose production is 

energy intensive, and the fuel used in farming machines (Naylor & Falcon, 2010). Mitchell 

(2008) finds that the cost of production of various food commodities increased by 11.5% 

between 2002 and 2007 due to energy intensive inputs. Second, the rising oil price also 

translates into higher processing and transportation costs of agricultural commodities which 

increases prices as well. Mitchell (2008) estimates that higher transportation costs caused by 

the increased oil price could have added another ten percent to the export prices of corn and 

wheat. 

Piesse and Thirtle (2009) mainly point to fertilizer prices as a cause of agricultural 

price increases. They find that the price of nitrogen, a main nutrient present in fertilizers, has 

quadrupled between 2000 and 2008. Phosphates and potash prices have also increased 
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substantially since 2007. Further empirical evidence exists on the matter. Using IMF data, 

Naylor and Falcon (2010) find that real monthly petroleum and wheat prices have a 

correlation of 0.79. Mitchell (2008) quotes data from the United States Department of 

Agriculture that shows a split-up of the production costs of various agricultural commodities. 

The data shows that the price movement of energy-intensive inputs (fertilizer, fuel, lube, and 

electricity) closely matches that of crude oil. Up until 2008 the prices of energy-related inputs 

have increased sharply. Hua (1998) proves that oil prices have a lagged impact on the growth 

rate of metal and mineral prices (one quarter lag) and food prices (two quarters lag). A 

number of researchers have attempted to find the pass-through coefficient of oil on non-oil 

commodities. Results are mixed, but generally positive. Baffes (2007) finds a pass-through 

rate of 0.16, implying a 1.6% price increase of non-fuel commodities per 10% price increase 

of crude oil and Borensztein and Reinhart (1994) find an eleven percent pass-through rate of 

the crude oil price for the period 1971 – 1992. 

To conclude, it seems that there is consensus on the fact oil has an impact on 

commodities, including wheat. However, the extent of the effect is uncertain as is the effect 

in the short term. Additionally, one has to consider the possible role of speculation of stock 

levels as oil is by far the most traded commodity and has a significant impact on the financial 

markets. The role of financialization of commodities and speculation will be discussed on 

page 10. 

2.5 Macroeconomic Factors 

Commodities that are traded on an international scale, which includes most 

commodities today, are often denominated in US Dollars, reflecting the geographic location 

of the exchanges and facilitating trade. This may have had an impact on the increase in 

commodity prices in recent time as a consequence of the depreciation of the US Dollar 

relative to other major currencies (Torero & von Braun, 2010). Although Torero and von 

Braun (2010) argue that this effect was relatively small in terms of food price increases, other 

researches point in the opposite direction. A recent report states that international prices for 

corn, soybeans, wheat, and rice expressed in Euros have risen far less than US Dollar 

denominated prices since 2003-2004 (Defra, 2010). Abbot et al. (2009) found the same 

relationship for agricultural commodity prices and crude oil and identified that a weakening 

of the US Dollar lead to higher prices and an appreciated US dollar contributed to lower 

prices. Furthermore, Abbot et al. (2009) find that the causality between the exchange rate and 
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commodity prices is unclear, since both are affected simultaneously by macroeconomic 

performance and governmental policies in the US and abroad. By testing the causality 

between the oil price and exchange rate, it appears that forces work in both directions. Higher 

oil prices result in pressure on the dollar to depreciate and a depreciating currency raises 

prices for tradables, including crude oil (Abbott et al., 2009). Naylor and Falcon (2010) 

similarly argue that there is a strong connection among grain and petroleum prices and the 

value of the US dollar. Yet, despite the high correlation it is difficult to determine the 

causality. Thus, though one may argue that these factors affect each other, it is uncertain in 

what way this occurs. 

Gospodinov and Ng (2010) provide empirical evidence that the US dollar exchange 

rate is a determinant of commodity prices. They construct a predictive regression model and 

include variables such as the convenience yield, the nominal interest rate, and the US dollar 

exchange rate. While not all the factors prove to be significant determinants of commodity 

prices, the US dollar exchange rate appears to determine commodity prices for a variety of 

different time horizons, ranging from one to 12 months. Chen et al. (2010) also assign a large 

weight to exchange rates in predicting commodity prices, arguing that exchange rates are 

“forward-looking and [embody] information about future movements in the commodity 

markets” (p.1). The authors establish a structural link between commodities and the currency 

through terms-of-trade and income. They argue that commodity price fluctuations affect a 

large part of many exporting nations‟ income. When future commodity price shocks are 

predicted, this will be priced in the current exchange rate. Chen et al., (2010) find a robust 

relationship between exchange rate movements and future commodity prices and that 

exchange rates in fact can be used to forecast commodity prices. 

In summary, the above indicates that the US Dollar is likely to have a significant 

effect on the wheat prices. Most empirical evidence points in the same direction and that the 

two factors have a strong relationship. Nevertheless, some major questions remain. For 

instance, the causality of the US dollar is yet an unresolved issue as researchers have had 

difficulties determining if it is the actual cause of price changes or if other related factors 

have been the drivers.  

2.6 Financialization of Commodities 

Many researchers have concluded that the recent commodity price movement can be 

explained by changes in the fundamental supply and demand relationships. However, 
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considering the unprecedented extent of changes in commodity prices and observing these 

changes across a wide number of commodities, many scholars agree that there must be 

another set of factors that influence commodity price and are unrelated to supply and demand 

forces. As a consequence, researchers have started to focus on financial factors and the 

literature on this relationship has grown considerably. Recently, we have witnessed what is 

known among researchers as the “financialization” of commodity markets. Bertrand Munier 

(2010, p.1) of Momagri, a think-tank dealing with key international agricultural issues, 

defines the financialization of agricultural markets as the phenomenon of agricultural 

“outputs [becoming] massively used as underlyings of financial operations”. The idea that 

commodities, including agricultural products, can be used as underlyings in financial 

transaction is not new. In the United States, people engaged in forward and futures contracts 

as early as 1851 (Santos, 2010). What is new however, is the view that commodities are an 

investable asset class and contracts are not merely entered into in order to secure a minimum 

sales prices (or maximum purchase price) at a given date in the future. Instead, investors seek 

to make profits from trading futures contracts and do not have the intention of actually taking 

delivery of the underlying commodity. Looking at data from futures exchanges, no one can 

deny that. However, what researchers disagree on is the impact this financialization has on 

commodity prices. While some argue that the increased trade of futures contracts has 

ultimately led to the serious price spikes we have experienced in the past three years and thus 

represents a serious threat to food security and the fight against poverty, others reject this 

notion and claim that the financialization has instead played a major role in stabilizing 

commodity prices. 

Munier is critical of the financialization of commodity markets. Looking at the 

financialization of agricultural markets, Munier (2010) raises concerns about four 

consequences. First, he claims that the markets have become expectations driven. The 

argument goes that the amount of futures contracts traded at any given time does not actually 

affect the supply and demand of the underlying asset. However, an increase in futures 

contracts traded signals to market participants that the market expects prices to rise, which 

may trigger a rush on the actual commodity. Thus, while the number of futures contracts does 

not directly affect commodity prices it indirectly influences market participants‟ behavior. 

Wahl (2009) is in line with this argument and claims that institutional investors entering 

financial markets has resulted in increased speculative behavior among existing market 

participants. In anticipation of higher prices in the future, market players purchased more of 
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the underlying asset to put in stock and delayed sales. Second, Munier argues that the 

financialization of commodity markets has given rise to new players on the market. These are 

short-term private investors, including speculators. These speculators have to be credited with 

some influence on the increase of agricultural commodity prices. Third, financialization 

makes markets vulnerable to financial markets overall and monetary policy, adding to the 

volatility of commodity prices. Last, the author states that a higher degree of financialization 

goes hand in hand with a higher level of interconnectedness across the globe. While this 

might add to stability, it also means that government policies concerning agricultural issues 

have an effect on a global scale. 

Robles et al. (2009) agree with this argument. They state that the massive price surges 

in commodity markets we have observed in 2007-08 were caused by speculation and caution 

that hoarding could harm the poor and result in nutritional damage. However, they fail to 

provide empirical evidence on the matter. Using different measures of speculation, including 

the monthly volume of futures contracts, the monthly open interest of futures contracts, and 

ratios of the two, they only find mixed and inconclusive results as to whether speculative 

activity affects commodity prices. Nonetheless, they urge policy makers to implement a 

global solution that prevents excessive speculation in food markets. Also, Masters and White 

(2008) call for actions by policy makers to regulate what they claim to be excessively 

speculative futures markets. They recommend the US Congress re-establish hard and fast 

position limits across all markets. They argue that the clearest indication that commodity 

prices are driven by speculation is that every single one of the commodities which make up 

the commodity indices at Dow Jones and S&P rose substantially between 2003 and 2008. If 

purely economic factors were the major determinants, they argue that one would see both 

rising and falling prices. Furthermore, Masters and White (2008) claim that two thirds of all 

trading in commodity futures market is done by speculators, who thus are largely responsible 

for price changes, and that markets today move for reasons that have increasingly little to do 

with specific commodity supply and demand fundamentals. Although this has a direct effect 

on futures prices but not on spot prices, Masters and White (2008) state this may have 

seriously damaging implications for the futures market and question its value for hedging 

purposes.   

Citing an example from 2007-08, when the production of petroleum increased and 

consumption declined but  prices rose by 50%, Baffes and Haniotis (2010) conclude that 

supply and demand forces cannot have been the sole cause of the price spike in oil prices in 
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2008. Instead, “new” money recently funneled into commodity markets through commodity 

markets index funds, has triggered an upward spiral over commodity prices. As investment in 

commodities is a relatively new phenomenon, funds have flowed mostly into and not out of 

the market. The second argument why market fundamentals do not determine commodity 

price is that index funds invest based on past performance criteria, hence behaving differently 

than the market would dictate. Lastly Baffes and Haniotis (2010) state that the large size of 

investment funds in commodities relative to commodity markets may trigger price 

movements. To conclude, the authors admit that long-term price trends of commodities will 

ultimately be determined by market fundamentals, i.e. supply and demand. However, trading 

activities in commodity markets can definitely result in higher price variability. 

There are a vast number of scholars who have expressed criticism to studies that claim 

speculation is the cause of the increases in price and volatility of commodities. One can 

divide the critics in two groups. One group argues that speculation has no direct impact on 

commodity prices. However, it may have an indirect impact. The other group states that 

speculation has no impact on increasing commodity prices and volatility. Instead, speculation 

can have a positive effect because it reduces prices and stabilizes the market. Paul Krugman 

is one of the most cited economists arguing that speculation has had no impact on the price 

increase in commodities in recent years. While stating that speculation in theory could affect 

real prices, Krugman (2011) argues that actions in the financial market can only shift prices 

to the extent they affect physical flows and stock of commodities. In other words, speculation 

affects the market for physical commodity through accumulation of physical inventories and 

if high futures prices induce increased storage, it reduces the quantity available to consumers 

and consequently can raise prices. Therefore, according to Krugman‟s claim, the size of the 

futures contract position is irrelevant, since it has no effect on the physical level of 

inventories. Therefore, if speculation did have an effect on the rising prices of commodities 

there would be signs of hoarding and building up of inventory. However, the opposite has 

been observed in most commodities. Krugman (2008a) presents evidence on historically low 

levels of inventory in metals. In terms of food and grains, findings show declining stocks at 

or near historical low levels (Krugman, 2011d; Sanders & Irwin, 2011). Using the same 

argument, several scholars have refuted claims of speculation as a driver for the increase in 

oil prices in the past years, referring to the low inventory levels (Krugman, 2008b; Pirrong, 

2008; Wolf, 2008a). 
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The nature of futures markets is claimed by some to be the reason why trading in 

futures contracts has no impact on real commodity prices. Irwin et al. (2009) argue that the 

futures market is a zero-sum game and that new demand for futures contracts can be met by 

new supply of contracts because unlike supply of actual physical commodities, there is no 

maximum number of futures contracts that can be created. That is, for every long position a 

corresponding short position is established and vice versa. As speculators‟ holding in long 

positions may represent new demand, the holding of short positions of the same contracts 

represents new supply (Sanders & Irwin, 2011). Consequently, neither the purchase nor the 

sale of a futures contract changes the physical quantity of the commodity available to the 

market and therefore has no impact on prices (Krugman, 2011d).  

Index investors are a group of investors that increasingly engage in trading in 

commodity futures contracts. Index investors are commonly blamed for rising commodity 

prices in the literature and public. Sanders and Irwin (2011) refute this criticism by arguing 

that index investors are solely involved in financial transaction using the futures market and 

do not engage in the purchase or hoarding of any physical commodity. Furthermore, Getu and 

Weersink (2010) argue that trading must be unpredictable for any group to consistently push 

prices away from its market equilibrium. Index funds widely publish their portfolio weights 

and roll-over periods which means their investment in commodities is very predictable 

(Sanders & Irwin, 2011). Consequently, Sanders and Irwin (2011) argue that it is highly 

unlikely that other large traders would not trade against index funds, if trades are easily 

anticipated. Some scholars go further and argue that not only can index funds be excluded as 

a driver of prices, index traders may have a stabilizing effect on the markets. This argument 

rests on the fact that index fund strategies require selling during times of high prices. Irwin et 

al. (2009) claim that the strategy for index investors entails that a certain percentage of the 

portfolio is allocated to commodities. As prices increase, the index value will increase, which 

in turn causes index investors to sell some of their positions to move back to the desired 

allocation. This consequently acts to reduce prices and stabilize the market (Getu & 

Weersink, 2010). In line with this, Sanders et al. (2010) suggests that long-only index funds 

may be beneficial for markets dominated by short hedging pressure and that they improve the 

adequacy of speculation by helping the market to carry unbalanced short-hedging. In 

addition, the study states that their findings of relatively “normal” level of speculation raises 

doubts whether index funds have driven recent commodity price increases (Sanders et al., 

2010). 
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Further arguments against the increase in index investment as a driver for commodity 

prices refer to the non-correlation between investment activity and commodity prices. The 

number of wheat futures contracts held by index funds expanded nearly fourfold from 2004 

to 2006 (IMF, 2006). However, the build-up in commodity index contracts and the level of 

index holdings predates the increase in commodity prices in 2007-08, which according to 

Sanders and Irwin (2011, p.14) “casts serious doubt on the hypothesis that commodity index 

speculation drove the 2007-2008 commodity price increase”. In addition, Sanders and Irwin 

(2011) fail to find a statistical link between commodity index positions and returns in grain 

future markets, both for the Granger causality tests and long-horizon regressions. Likewise, 

Naylor and Falcon (2010) reject that the behavior of commodity index traders was a principal 

cause of the sharp price increase for maize and wheat in 2006-2008 and point to the fact that 

the net positions of commodity index traders (measured in numbers of futures contracts) 

during the period were essentially constant. 

Moreover, there is uncertainty regarding the causality of speculation and increasing 

prices in commodities. Heady and Fan (2008) argue that speculation may be a symptom of 

the underlying volatility in commodities rather than the cause. Sanders et al. (2009) 

empirically find that traders‟ position follows returns, in particular for noncommercial 

traders, using a Granger causality test on ten agricultural futures markets. Furthermore, the 

IMF (2006) finds little support that speculative activity (measured by net long non-

commercial positions) affects either price levels in the long run or price shifts in the short run 

and on the contrary presents evidence both across commodities and over time that speculative 

positions follow price movements. In addition, in a Granger causality test Stoll and Whaley 

(2010) find no evidence that investment flows cause price changes or vice versa. These 

results suggest that speculators have a stabilizing role to the market by providing liquidity 

while not having a systemic causal influence on prices (IMF, 2006). 

Furthermore, some studies question the role of speculation in price increases based on 

the fact that some non-securitized commodities have experienced significant price increases 

despite not being traded on the futures market (Heady & Fan, 2008). Moreover, Stoll and 

Whaley (2010) argue against index investing causing price increases in commodities by 

claiming that prices of commodities that are not available in the futures market or in any 

index have also risen. This includes coal, cobalt, and rhodium. Consequently, Stoll and 

Whaley (2010) suggest that the price increase is a reflection of some common 

macro-economic factors that affect many commodities sectors. However, Heady and Fan 
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(2008) state that one has to consider that the commodities may have been included or 

excluded from the market for particular reasons (e.g. elasticity and pattern of demand, 

volatility, production) and simple comparison between the two may therefore not be valid. 

To conclude this section on the financialization of commodities, looking at the vast 

amount of research and empirical findings on both sides, the role of the financialization of 

commodities as a driver of commodity prices is uncertain. On the one hand, there are existing 

empirical findings that indicate that the financialization of commodity markets and excessive 

speculation is an important factor for explaining fluctuations in commodity prices, including 

wheat prices. Perhaps the most persuasive and simple argument is that the price of wheat and 

other commodities has been too high to be sufficiently explained by fundamental supply and 

demand factors. Though this may be an easy-to-understand argument, evidence on this is 

clearly needed. On the other hand, critics have shown resistance in blaming the 

financialization and speculation as a major cause. A major obstacle to the emergence of 

coherent and substantiated empirical research is the difficulty of finding an appropriate 

measure of speculation. For this reason, it is possible the debate will continue in the coming 

years. 
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3. Empirical Analysis 

3.1 Introduction 

From the literature review it is clear there are a number of possible explanations for 

what causes commodity prices to rise and fall. Researchers have failed to provide coherent 

empirical evidence on the matter. Instead there seems to exist a wide array of views, some 

with and others without empirical support, on the drivers of commodity prices. In this part of 

the thesis, an attempt will be made to make use of empirical models aimed at further closing 

the gap between what has been claimed to cause commodity price fluctuations and what 

drives prices and volatility in reality. 

In this empirical part the focus will not be on commodities in general but on wheat as 

a more specific example. There are a number of reasons why wheat is a good proxy for 

commodities in general and why it is an interesting commodity to study. First, wheat reflects 

price developments of agricultural products and commodities in general very well and thus 

serves as a good proxy for commodities in general. To prove this, a simple correlation 

analysis between wheat spot prices and a number of agriculture and commodity indices has 

been conducted. Spot indices measure price movements of the underlying assets and offer 

estimates of commodity price trends (Dow Jones & Company Inc., 2011). Table 1 below 

shows a summary of the results. As expected, the commodity indices have a high correlation 

of 0.91 and are higher among each other. In the case of the Dow Jones-UBS Agriculture 

Subindex and the MLCX Agriculture Index, this is because the two indices essentially track 

the performance of the same agricultural commodities, with slightly different weights. The 

much broader Dow Jones-UBS Commodity Index also shows high correlation with the other 

indices. This results from the fact that all the commodities that are included in the agricultural 

subindices are also included in the broad Commodity Index and make up almost half of its 

weight. 

 
Wheat 

Spot Price 

DJ-UBS 

Agriculture  

Subindex 

MLCX 

Agriculture  

Index 

DJ-UBS  

Commodity 

Index 

Wheat Spot Price 1.00 - - - 

DJ-UBS-Agriculture Subindex 0.82 1.00 - - 

MLCX Agriculture Index 0.86 0.99 1.00 - 

DJ-UBS Commodity Index 0.71 0.92 0.91 1.00 

Table 1: Correlation between Wheat Spot Prices and Commodity Spot Indices (Thomson Reuters, 2011) 



Empirical Analysis  18 

However, what is surprising are the high correlations between the wheat spot price and 

the indices of 0.82, 0.86, and 0.71, indicating that wheat spot prices follow the general trend 

of commodity price developments. 

The Dow Jones-UBS Agriculture Subindex includes seven agricultural commodities 

which are weighted to account for economic significance and market liquidity. Figure 1 

shows how the Dow Jones-UBS Agriculture Spot Index is constructed. 

 

Figure 1: Weightings of Dow Jones-UBS Agriculture Subindex (Dow Jones & Company Inc., 2011a) 

One could argue the high correlation between wheat prices and the Dow Jones-UBS 

Agriculture Subindex results from the fact that wheat itself has a weight of 14% in the index 

and its price thus has a significant impact on the index. However, even the much broader 

Dow Jones-UBS Commodity Index, comprising 19 different commodities, with wheat 

making up only 4%, shows a high correlation with wheat prices. Similarly, the analysis can 

be extended to the MLCX Agriculture Index and a great number of other commodity and 

agriculture indices and yield the same or similar results. 

The second reason why wheat has been chosen as the commodity to analyze is wheat 

is actively traded at the exchanges and is one of the most commonly traded agricultural 

commodities in the world. As a result, plenty of accurate, up-to-date, and highly frequent data 

about prices, volumes, and futures contracts is easily obtainable. The chart below shows the 

volume of futures contracts traded in 2010 at the Chicago Board of Trade (CBOT) for the 

most common agricultural products in the US. As can be seen, wheat is among the most 

frequently traded agricultural commodities at CBOT. The same can be observed for different 

years and at different commodity exchanges. 
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Figure 2: Volume of Futures Contracts traded at CBOT for selected commodities in 2010. (Thomson 

Reuters, 2011) 

Thirdly, wheat has a high relevance in the media today and food prices and food 

security are at the top of agendas of NGOs and supranational organizations, policy makers, 

and interest groups. In January 2011, Nicolas Sarkozy, the French president, laid out his 

agenda for the French presidency of the G20, a forum for the world‟s 20 largest rich and 

emerging economies. Among the top items was an attempt to curb commodity price volatility 

by regulating commodity markets, and thus avoid food riots caused by higher food prices, as 

Flynn (2011) reports. Underlying this idea is the strong belief that food prices are partially 

driven by volatility and ultimately speculation. NGOs and supranational organizations agree 

with this notion. The Food and Agriculture Organization of the UN has launched an 

“Initiative on Soaring Food Prices”. Its goal is to “[scale] up [efforts] […] to strengthen the 

resilience of small farmers to future shocks and to improve food […] security over the long 

term” (FAO, 2011, p.1). In its February 2011 Food Price Watch the World Bank warns that 

“the recent rise in food prices may have put 44 million people into poverty” (2011, p.1) and 

that it has nutritional implications for the poor. The media has been reporting extensively 

about soaring wheat prices as well, with The Economist devoting a special report to “The 

Future of Food” in February 2011 (The Economist, 2011) and the Financial Times featuring 

“World Food” in an October 2010 Special Report (Financial Times, 2010). 

Lastly, wheat is highly interesting in terms of its price development in the recent past. 

It is a commodity that has shown high levels of volatility and significant price spikes in the 
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last few years. As can be seen in Figure 3 below, wheat is among the agricultural 

commodities that experienced very strong spot price increases relative to the 2006 base. In 

early 2008 wheat spot prices were more than three times higher than they had been just two 

years earlier. This increase is only matched by the most recent rise in corn prices, which was 

caused by growing demand for animal feed and biofuels drawing down inventories (Meyer, 

2011). Wheat also shows the biggest spread between its maximum and minimum price 

relative to the 2006 base. In March 2008 the wheat spot price index peaked at 351, while in 

October 2009 it was at its lowest of just 75. 

 

 

Figure 3: Index of agricultural commodity spot prices (January 2006 = 100). Own illustration based on 

Thomson Reuters (2011) 

 

Having regard to the volatility of wheat prices, wheat prices are an interesting case to 

study from this aspect also. Figure 4 compares the month-over-month price volatility of the 

same commodities as shown above. Again, wheat shows some of the most extreme 

amplitudes and has the highest average monthly volatility over the period. 
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Figure 4: Month-over-month volatility of spot commodity prices. 

The empirical part of this thesis is structured as set out below. 

First, the methodology of the empirical analysis will be introduced. That is, we will 

explain which numerical models will be used to find patterns and causal relationships in the 

dataset. In this research, mainly two models will be used: in order to determine functional 

relationships between a number of variables, data will be analyzed using a multiple linear 

regression model in the form 

                       . 

However, merely defining a causal relationship between a set of variables is not 

enough in our research. The direction of the relationship needs to be determined as well. 

Otherwise, false conclusions about the causes of the price of wheat can be drawn, as it has 

happened in many previous studies. For this reason, a Granger causality test will be 

conducted. A Granger causality test analyzes “the extent to which the lag process in one 

variable explains the current values of another variable” (Cromwell, 1994, p.33). That is, by 

estimating the impact of a variable at time   on another variable at time    , conclusions 

about a causal relationship between two variables can be made. 

After introducing the empirical models, the variables that are being used in the 

analysis will be presented. It will be clarified what the different variables express, how they 

are measured, how frequent the observations are, and from which datasets the variables 
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values have been drawn. Further, reasons for choosing the specific variables will be given 

and shortfalls of the chosen variables will be discussed. After each individual variable has 

been introduced, a hypothesis about how it influences the wheat price will be stated. The 

hypotheses will then be tested empirically. 

In the last section of the empirical part, a discussion of the results will follow. It 

includes a comparison of the results to what was anticipated and to what other researchers 

have suggested. Furthermore, limitations of the significance and explanatory power of the 

analysis will be highlighted and suggestions for further research will be made. 

3.2 Methodology 

This study is conducted to test the hypotheses in order to enhance the understanding of 

the drivers of wheat prices. Thus, the study will follow a deductive research approach to 

confirm or disprove the logical assumption in the hypotheses and the study will be of a 

quantitative nature. This research method is known as the hypothetico-deductive method and 

is characterized by the hypotheses, which are developed by logical reasoning and earlier 

empirical evidence and which are testable (Sekaran & Bougie, 2009). Quantitative research is 

appropriate for this study, as numerical data has to be collected to identify a relationship. It is 

understood that this method can more easily generate a result to confirm or disprove a theory 

(Ghauri & Grønhaug, 2005). The downside with the quantitative method may be missing 

data, which can affect the validity of the study negatively (Sekaran & Bougie, 2009). 

Furthermore, it is of high importance that the variables be carefully defined to capture the 

correct effect. In addition, quantitative studies cannot confirm theories outside the hypotheses 

tested as they are conducted merely for this purpose. Finally, the preceding empirical 

evidence and the literature framework presented in this study are primarily based on peer-

reviewed journals. In addition, academic books and statistical surveys have been used to 

complete this report. 

3.2.1 Regression Analysis 

To test the hypotheses and confirm or reject a relationship between the variables, a 

regression analysis was conducted. The analysis followed the orderly steps suggested by 

Chatterjee and Hadi (2006), namely (1) statement of the problem, (2) selection of potentially 

relevant variables, (3) data collection, (4) model specification, (5) choice of fitting method, 

(6) model fitting, (7) model validation and criticism, and (8) using the models for solution of 

the problem. A key issue of the first steps was to identify potentially relevant variables and in 
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particular how the potential impact of speculation on wheat prices could be measured. Here, a 

certain set of assumptions had to be made. These assumptions are described further in the 

section on variables on page 38 onwards. In the following step, the regression model is 

specified and a linear function is constructed which later in this section is described in detail. 

Next, in order to estimate parameter   , the choice of fitting method is determined which 

enables the model to find the straight line that gives the best fit of the points in the scatter plot 

of the response versus the predictor variable (Chatterjee & Hadi, 2006). This test estimates 

the parameter using the ordinary least squares method, which gives the line that minimizes 

the sum of squares of the vertical distances from each point to the line (Chatterjee & Hadi, 

2006). The next step in the regression analysis is to fit the model to the collected data using 

the least squares method, which is done by a linear multiple regression analysis. 

In the course of the research, we have constructed two regression models. The first 

model uses monthly data over a period of 20 years, from April 1991 to December 2010. The 

dependent variable is the monthly Chicago Wheat Futures prices. The independent variables 

are the monthly ending stock levels of wheat, the monthly value of the US Dollar against a 

basket of major currencies, the monthly oil price, and the monthly number of traders long in 

wheat futures. In mathematical terms, the regression analysis that will be conducted looks 

like this: 

                           

where 

   is the monthly wheat price, 

    is the intercept, i.e. the theoretical wheat price when all independent 

variables are equal to  , 

    is the ending stock levels, 

    is the US Dollar value, 

    is the oil price, 

    is the number of traders long in wheat futures, and 

   is the residual or error term. It measures the discrepancy between the 

approximation of reality given by the equation derived from past data and 

reality itself (Chatterjee & Hadi, 2006). 
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Conducting the regression analysis is merely the attempt to find estimates for    

through    based on the given historical data. 

The second regression analysis that is conducted uses weekly data for the period April 

2006 through April 2011. Weekly data is more useful at capturing short-term impacts of a set 

of variables on the wheat price, as will be explained later in the section on the variables on 

page 38. Again, the weekly regression model uses the Chicago Wheat Futures price as the 

dependent variable. However, the independent variables are different. Apart from the US 

Dollar value and the oil price, a measure of speculation is introduced to capture the possible 

effect of speculation on the wheat price during that period. Due to the fact that wheat prices 

have been very volatile between 2006 and 2011, more so than in the 15 years preceding that 

period, the assumption in many studies has been that some force other than macro-economic 

trends has to influence the wheat price. By including a measure of speculation in the short-

term weekly regression model, this notion will be accounted for. 

The regression equations were tested in the statistical program Stata, which is one of 

the most widely used statistical tools. When computing the econometric model in Stata, the 

output indicates among others a  -value, the  -significance, and   . The data has to be 

interpreted correctly to confirm if the hypotheses of this study can be accepted or rejected. 

The  -value that is received from the statistical test is to be compared to a significance level 

of 5% as the chosen confidence interval is 95%. The confidence interval of 95% is generally 

the most frequently used level and additionally the level used in previous studies in the field. 

This significance test does not only need to be conducted for each individual variable using 

the  -test. In the overall model with more than one variable the  -test needs to be considered. 

It tests the null hypothesis that all variables are jointly zero. Therefore it is a measure of the 

overall significance of the regression model (Kennedy, 2003). Also in the  -test, the null 

hypothesis will be rejected at the 5% level.   

Furthermore, it is of great importance that the R-squared value is interpreted correctly. 

It is well understood that a large R-squared value does not necessarily imply that the data has 

been fitted and explained well (Chatterjee & Hadi, 2006). Furthermore, there is no general 

rule or guideline as to what is considered „good‟ and it may differ significantly between 

different areas of research (Freund et al., 2006). Some researchers argue that the R-squared 

value has rather little importance compared to the other statistics the regression provides but 

is particularly useful when the purpose of the study is to predict an outcome (Langbein & 
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Felbinger, 2006). In addition, time series data with autocorrelation often leads to an upward 

bias in the R-squared (Wooldridge, 2009; Kennedy, 2003). This can also be argued to be the 

case for the time series data in this study which will be shown has signs of high 

autocorrelation and thus will need to be transformed. Therefore, for time series data one can 

expect a considerably lower R-squared value when the data is transformed. For instance, Nau 

(1981) suggests that for properly stationarized series a R-squared value of 25% might be 

acceptable and even a level of 10% or 5% may be of statistical significance in certain 

applications. The reason for this may be that the transformation of the data using differences 

or differencing, as explained later in this study, reduces the variance significantly and 

therefore, as the dependent variable has been differenced, it is possible that much of the 

variance has already been explained by the choice of an appropriate transformation (Nau, 

1981). From the above discussion, it becomes apparent that it is extremely difficult to 

determine a threshold of R-squared value that is acceptable for this study and the results have 

to be cautiously interpreted. 

3.2.2 Obstacles in Regression Analysis 

There are two essential assumptions that need to be fulfilled when conducting a 

regression analysis with ordinary least squares (Freund et al., 2006). 

1. “The model adequately describes the behavior of the data” (Freund et al., 2006, 

p.62) 

That is, the explanatory variables have to be truly independent. This depends highly 

on how the study is designed and on the way the data has been collected. Results of 

collecting inadequate data are not necessarily a lack of explanatory power and 

statistical insignificance of the model. If for instance multicollinearity occurs, 

which is “the existence of strong correlations among the independent variables” 

(Freund et al., 2006, p.177), the regression analysis may result in a significant 

overall regression (significant   statistic), but non-significant independent variables 

(  statistics rejected). 

Based on the fact that great care has been taken in selecting appropriate variables, 

as will be explained later in the section on the variables starting on page 38, it can 

be safely assumed that this condition is fulfilled. Nonetheless, a statistical test to 

reject or confirm the occurrence of multicollinearity will be conducted. 

2. The random errors have to be… 

a. … independent. 
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If the error terms are not independent, i.e. if the random error from period   

is correlated with the random error from period    , this is known as 

autocorrelation of the error terms. It occurs most frequently in time series 

data. Since time series data has been utilized in this study, a test of 

autocorrelation will be conducted as well. 

b. … independently and normally distributed. 

If that is not the case, the estimation of coefficients may be erroneous. Since 

the idea of this regression is to minimize the squared errors, extreme outliers 

(that would imply non-normally distributed errors) can have serious effects 

on the outcome of the regression. 

c. … of zero mean and constant variance. 

Another way of expressing this is to state that the data has to be 

“stationary”. A lack of constant variance is called heteroscedasticity. 

Heteroscedasticity has two effects. It causes a bias in the estimates of the 

regression coefficients, and it results in incorrect estimates of variances of 

the mean of the dependent variable. 

In time series analyses these conditions are frequently ignored, leading to results that 

might be statistically significant and exhibit a high    and therefore make researchers believe 

that their model has high explanatory power. However, results drawn from erroneous models 

are distorted and meaningless. The three conditions of homoscedasticity, no autocorrelation 

and no multicollinearity will now be described in more detail. 

Multicollinearity occurs when two independent variables are correlated and 

consequently convey essentially the same information. Although the explanatory variables 

may well explain and predict the dependent variable, indicated by a high    and significant 

 -test, the individual regression coefficients are poorly estimated. The reason for this is 

insufficient information to decide which one of the variables is explanatory and which is not 

(Siegel, 2011). For multicollinearity to occur, the variables do not have to be perfectly 

intercorrelated (Berry & Feldman, 1994). In fact, one can safely assume that multicollinearity 

always exists in regressions with time series data that is not created from experiments but 

drawn from real life. The question then is to what degree two variables exhibit 

multicollinearity and if that degree of multicollinearity poses a problem. 
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When multicollinearity occurs, it does not mean that the estimators are biased, that is, 

the assumptions of the regression analysis are not violated. However, one problem resulting 

from multicollinearity is that the standard error gets bigger. As a result, confidence intervals 

for coefficients tend to be very wide and  -statistics tend to be very small (Berry & Feldman, 

1994). Therefore, in many cases the researcher cannot draw any valid conclusion about the 

direction of the relationship between the independent and the dependent variable (if one 

standard deviation to the left of the mean is a negative number and one standard deviation to 

the right is a positive number) and in addition to that, the researcher may falsely accept the 

hypothesis at a high significance level. 

Yet, there is a way of controlling for multicollinearity. First, one needs to determine 

statistically whether multicollinearity between the variables exists. This can be done by 

comparing the estimated coefficients before and after a variable that is suspected to be 

intercorrelated with another one. If the coefficients change to a large extent, multicollinearity 

can be the cause (Chatterjee & Hadi, 2006). Another method is to look at the collinearity 

statistics, more specifically the tolerance statistics and the variance inflationary factor (VIF) 

that any modern statistics program can compute. If the explanatory variables do not exhibit 

multicollinearity the VIF is equal to one. The higher the multicollinearity between two 

independent variables, the higher the VIF is. However, there is no statistical cut-off point at 

which one can assume a worrying degree of multicollinearity (Freund et al., 2006). Yet, in 

the research field, a VIF of ten is a popular cut-off value for no other reason than it is easy to 

spot it on a listing of VIF values (Freund et al., 2006 and Bajpai, 2009). The tolerance value 

is also used to determine whether or not one is faced with multicollinearity issues. It is simply 

calculated     ⁄  and should therefore be above      to rule out multicollinearity problems, 

although a number smaller than      can already indicate a problem (Field, 2009). 

Possible solutions to avoid multicollinearity are to either omit some of the variables or 

redefine them to distinguish them from one another (Siegel, 2011). In this study, the risk of 

variables exhibiting multicollinearity is especially high for the monthly regression analysis in 

this study which analyzes a model that includes four different independent variables. It is 

very possible that the variable “oil” for instance does not carry any more information than the 

variable “US Dollar value”. Just like many other commodities being traded in international 

markets, crude oil is most commonly denominated in US Dollars and its price therefore 

fluctuates together with the value of the US Dollar against other currencies. 
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The VIF for the explanatory variables in the monthly regression analysis for this study 

are not very high. It is only oil that exceeds the threshold value of four while the VIF for 

inventory, speculation, and the US dollar value are between one and three. Stata yields the 

following results. 

 

Figure 5: Stata output for multicollinearity calculations 

The VIF average of the explanatory variables is 2.83, which does not indicate a risk 

for multicollinearity problems (Field, 2009). The tolerance statistics for the monthly 

regression analysis in this study shows that all variables are above 0.2, indicating no problem 

of multicollinearity. 

Another issue that arises in regression analyses is that of autocorrelation. It is linked to 

the basic assumptions of the regression analysis. Formally, autocorrelation is the 

phenomenon that the error terms of the data points are correlated (Berry & Feldman, 1994). 

In other words, it is the similarity between a data set and a lagged version of the same dataset. 

Time series data usually exhibits autocorrelation, as one value is always a function of the 

previous value. Time series data is never strictly random. For instance, a country‟s GDP in 

any given period will always be influenced by that country‟s GDP in the previous period. 

Since in this study time series data will be used, great care needs to be taken, or else the 

findings will be misleading and lack any statistical significance. Freund et al. (2006) warn of 

four possible consequences, when researchers proceed with regression analysis despite 

existing autocorrelations. 

1. Using the   and  -statistics to test the confidence intervals and hypotheses are not 

strictly applicable. 

2. The estimated coefficients are no longer the best linear unbiased estimators. 

3. The variance of the error terms may be underestimated 

4. The standard error of the coefficients may underestimate the true standard error. 

The first step in controlling for autocorrelation is to find out empirically whether or 

not the datasets are auto-correlated. When data is auto-correlated, it is often referred to as 

    Mean VIF        2.83
                                    
         inv        1.76    0.568153
        spec        2.33    0.429735
         usd        3.01    0.331993
         oil        4.21    0.237691
                                    
    Variable         VIF       1/VIF  
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being non-stationary. That means that the data‟s mean and variance change over time. The 

Durbin-Watson test is a very common test of autocorrelation. The results of this test range 

from zero to four. Whether or not the resultant value indicates autocorrelation depends on the 

sample size. For samples with more than 100 observations (i.e.      ), the cut-off point is 

at about     , according to the table of the Durbin-Watson test bounds (Durbin & Watson, 

1951). That is, if the test result is below     , the null hypothesis that there is a positive 

autocorrelation between the variables cannot be rejected. Generally, the larger the Durbin-

Watson test result, the more likely it is to reject the null hypothesis that there is no first-order 

correlation (Freund et al., 2006). 

Conducting the Durbin-Watson test on the dataset that will be used in the regression 

analysis indicates strong autocorrelation. In fact, Durbin-Watson tests between the variables 

result in values of below      making it impossible to reject the null hypothesis that there is 

no positive autocorrelation. Figure 6 shows the output the Stata gives for conducting a 

Durbin-Watson test on all the variables. With a value of 0.183 autocorrelation has been 

proven. 

 

Figure 6: Stata output for Durbin-Watson test 

Another common method of detecting autocorrelation is the Dickey Fuller unit root 

test. The Dickey Fuller test tests the null hypothesis that the variables contain a unit root, 

meaning that they were generated by a non-stationary process. If the null hypothesis is 

rejected at a 5% level, the variable is stationary. In this case, the Dickey Fuller test confirms 

the findings of the Durbin-Watson test. It fails to reject the null hypothesis at a significant 

level. Therefore, the dataset is non-stationary. Figure 7 below shows the output of Stata for 

the Dickey Fuller test. 

                                                    
     .18291           0.0000             1.0000
                                                    
       dw            Prob < dw          Prob > dw
                                                    
Durbin-Watson test with normal p value
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Figure 7: Stata output for Dickey Fuller unit root test of variable „wheat futures price‟ 

As can be seen, the p-value of 0.31 makes it impossible to reject the null hypothesis at 

a reasonable significance level. 

Lastly, autocorrelation can be shown graphically. As Freund et al. (2006) note, if the 

data is auto-correlated, long time periods emerge, during which the residual has the same sign 

(positive or negative). This is intuitively visible in the graph below. It shows the residuals or 

error terms for the variable „wheat futures price‟. As can be seen, from mid-1995 up to 1999, 

the residual was above the red line, indicating autocorrelation. Between 2003 and 2007 the 

residual was constantly negative. 

 

Figure 8: Stata residual plot of wheat futures price 

As mentioned above, the problem of heteroscedasticity arises when the data series is 

non-stationary and the variance is not constant. Data series are stationary when the data “is in 

equilibrium around a constant mean and with a constant variance” (Eriksson et al., 2006, 

p.294). This implies that the mean and variance of the data series do not change over time. 

Therefore, any macro-economic or financial data that has a seasonal component or that is 

affected by trend factors is non-stationary. Stata offers two methods of testing a data series 

MacKinnon approximate p-value for Z(t) = 0.3091
                                                                              
 Z(t)             -1.950            -3.466            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Augmented Dickey-Fuller test for unit root         Number of obs   =       231
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for heteroscedasticity, called White‟s IM test and the Breusch-Pagan test. Both tests indicate 

the existence of heteroscedasticity, as one can see in the test outputs below. 

 

 

Figure 9: Heteroscedasticity test results for monthly data 

Both tests reject the null hypothesis that the variance is constant, in other words, that 

no heteroscedasticity exists. The same results are obtained for the weekly dataset. 

After the regression analysis has been introduced and some of its major problems and 

issues have been highlighted, the Granger causality test – the second big part of this empirical 

study – will be introduced. Afterwards, remedies to having non-stationary data that exhibits 

low levels of multicollinearity will be introduced. 

3.2.3 Granger Causality Tests 

After conducting the regression analysis, there will be evidence as to whether there 

exists a link between wheat prices and the set of independent variables. However, while the 

results of the regression analysis indicate the direction of the dependency (negative or 

positive), the causality of the link remains unclear. That is, the question whether the 

independent variable causes the dependent variable to fluctuate or if it is in fact what has 

been labeled the dependent variable causes the independent variable to change is not 

answered. Therefore, the regression results need to be further analyzed. 

In many instances the causality of the relationship between two variables is clear and 

therefore further testing is not a necessity. For instance, when testing the impact of the 

weather conditions on the amount of a certain grain harvested it is clear which variable 

causes the other one to fluctuate. Yet, when analyzing financial markets and complex 

situations in which the causality is unclear and could theoretically go in either direction, as in 

this example, a causality test needs to be conducted. In other words, it has to be tested, 

whether the independent variables are truly exogenous (Cromwell, 1994). Another reason 

why further analysis of the regression results is required is that structural change in the 

drivers of commodity prices – wheat in this case – may invalidate the results. As Cooke and 

                                                   
               Total       135.57     19    0.0000
                                                   
            Kurtosis         2.46      1    0.1167
            Skewness        23.59      4    0.0001
  Heteroskedasticity       109.52     14    0.0000
                                                   
              Source         chi2     df      p
                                                   

Cameron & Trivedi's decomposition of IM-test

         Prob > chi2  =   0.0000
         chi2(1)      =   118.75

         Variables: fitted values of wheat
         Ho: Constant variance
Breusch-Pagan / Cook-Weisberg test for heteroskedasticity 
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Robles (2009) note, commodity prices had been declining for many decades, before starting 

to increase only recently. 

The most common method of testing causal relations in regressions is the Granger 

causality test. The Granger causality test was introduced by Clive William John Granger in 

1969 in a paper titled “Investigating Causal Relations by Econometric Models and Cross-

spectral Methods” (Granger, 1969). For his contributions to the analysis of economic time 

series, Granger received the Nobel Prize for Economics in 2003 (Nobelprize.org, 2011). The 

most important element of Granger‟s causality test of two variables is the definition of 

causality. He states that “   is causing    if we are better able to predict    using all available 

information [i.e.   ] than if the information apart from    had been used” (Granger, 1969, 

p.428). In other words, past values of    improve the ability to predict   . Thus, Granger uses 

“lags”, that is, past values of an apparently exogenous variable, to test if it causes another 

variable. Formally, the causal relationship between two variables that Granger tests, is 

expressed as 

   ∑       ∑                   

 

   

 

   

 

   ∑       ∑                   

 

   

 

   

 

Simply put,      (i.e. lagged   ) is causing    given that    is not zero and      is 

causing    given that    is not zero. Variable   denotes the observations and is therefore 

limited to the number of observations of the data available. Variable   expresses the time 

difference between the observations. In the two different models that will be used to analyze 

the data later in this thesis,   will be equal to one month and one week respectively. Variables 

      and        represent a constant and white noise respectively. 

After formally expressing the relationship between the two variables in this manner, 

the null hypothesis that      does not Granger-cause    and the null hypothesis that      does 

not Granger-cause    are tested. In other words,          and         . Thus, if the null 

hypothesis is accepted at the 5% level, it can be concluded that the lagged values of    do not 
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explain the variation in   , meaning that    does not Granger-cause   . The same holds for 

the other null hypothesis. 

It is of great importance to test both null hypotheses and not just the direction of 

causality that one expects. This is because the Granger causality test can result in both      

causing    and      causing   . Granger calls this a “feedback relationship”. Cromwell 

(1994) warns that due to the inability to determine whether the causality in one direction 

influences the causality in the other direction, a feedback relationship can still imply only a 

weak form of causality. 

Lastly, great care needs to be taken in choosing  , the number of lagged periods. 

Researchers are free in their choice of  . In fact, Cromwell (1994) states that “the choice of   

is often rather arbitrary” (p.35). In the first regression model that will be employed, a lag of 

one, two, three, and four months (i.e.     ,     ,     ,     ) will be tested. That is, an 

analysis will be done as to whether the value of wheat production, wheat inventory, the oil 

price, and the US Dollar one, two, three, and four months ago had an impact on the current 

wheat price. Similarly, in the weekly regression model, the US Dollar, the oil price, and the 

level of speculation lagged by one, two, three, and four weeks will be tested for causality on 

the current wheat price. 

According to Cromwell (1994), in the process of conducting the Granger causality test 

six steps need to be undertaken: 

1. Specify the hypotheses to be tested. 

2. Assure that the data series are stationary. 

Similar to the condition of time series regression analyses, data series need to be 

stationary. In the next section, it will be explained how the data is modified, so as to 

meet this condition. 

3. Choose the number of lags to be used in the equation. 

This is often done arbitrarily or based on rules of thumb, however Thornton & 

Batten (1985) show that choosing lags based on extensive research or statistical 

model greatly enhances the quality of the study. 

4. Estimate the relevant restricted and unrestricted equations, using a regression 

analysis. 

The unrestricted equation for testing the causality of   on   is 
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   ∑       ∑                   

 

   

 

   

 

as introduced above. Naturally, the resulting restricted equation (assuming the 

         is accepted) is then 

   ∑                   

 

   

 

5. Calculate the test statistic. 

The formula used to calculate the  -value is 

  
              

           
 

with      and       being the error sum of squares of the restricted and 

unrestricted equations.   is the number of restrictions, in other words, how many 

elements of the unrestricted equation have been removed.   is the number of 

observations and   the total number of parameters in the unrestricted equation. 

6. Accept the alternative hypothesis (i.e. Granger-causality) when the calculated  -

statistic is greater than the critical  -value. 

Formally, Granger-causality has been proven when  

         

In this analysis, these calculations will be undertaken by the computer program 

“Stata”, as introduced above. 

3.2.4 Data Modification 

As explained above, in order to conduct a regression analysis and Granger causality 

tests on time series data, certain modifications need to be undertaken. The results of 

differencing the datasets will be presented here. 

Investigating the effects of multicollinearity and autocorrelation, it was found that the 

data set shows only mild signs of multicollinearity (only the variable „oil price‟ exhibits a 

VIF greater than four), but high levels of autocorrelation and heteroscedasticity. The data 

needs to be transformed, in order to overcome these obstacles. 

A common method is to use differences of the data (Freund et al., 2006). For instance, 

taking the variables‟ first difference, the data set is simply transformed so that it is not the 

actual value of the variable that is used but the difference between the variable‟s value at time 
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  and the value at time    . To provide a numerical example, if wheat inventories were 

      million metric tons in April 1991 and       million metric tons in May 1991, then the 

value that would be used in the regression analysis is                 . This is done 

for all observations and all variables. Some variables however, might require a higher degree 

of differencing, in order for their inherent defect to be eliminated. This is easily computable. 

“Second differencing” the data is simply computing the difference of the first difference. 

Another common method of modifying data so as to reduce autocorrelation is to log 

transform it. That is, the log of each observation is computed and used in the regression 

analysis. However, logarithmic transformation is most often used in data series that grow 

exponentially and that must be greater than zero (SAS, 2011). This is not the case for any of 

the variables that are going to be used in the regression analysis. While it is true that none of 

the variables can be of a value below zero, none of them grows exponentially or is expected 

to do so. Therefore, in this analysis, the data will be modified using differencing. 

After the first difference has been computed for the entire dataset, the same 

multicollinearity, autocorrelation, and heteroscedasticity tests will be run again, to ensure that 

these major sources of error have successfully been eliminated. While the Durbin-Watson test 

previously showed a value of      for the complete set of variables, after the transformation 

it is as high as      and thus indicates an extremely low level of autocorrelation. The Dickey 

Fuller test confirms this finding. The null hypothesis of an existing autocorrelation among all 

variables in the model can now be rejected at the 1% significance level. Looking at the 

differenced variables individually, all but one variable show no signs of autocorrelation after 

this data transformation. 

Even when using the first differenced monthly global wheat inventories, high levels of 

autocorrelation can still be discovered. The Dickey-Fuller test for the differenced wheat 

inventory results in a  -value of     , making it impossible to reject the null hypothesis of 

the existence of autocorrelation. 
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Figure 10: Graph of partial autocorrelations of wheat inventories 

The higher order of autocorrelation of wheat inventories can be seen in Figure 10 

above. The graph shows the partial autocorrelation, i.e. the autocorrelation of a variable with 

a lag of itself that is not explained by correlations that occur at different lags. That is, the 

autocorrelation at lag four does not show the amount of autocorrelation that results from lags 

one to three. In the first six periods there are points beyond the 5% level, indicating that in 

these periods there are autocorrelations that are unique to that specific lag. 

There might be two explanations for this. First, inventory is a very “sticky” variable. 

That is, it reacts slowly to changes in supply and demand. After all, it takes an enormous 

supply or demand shock to have a serious effect on an inventory of currently almost     

million metric tons of wheat. These usually don‟t occur. Additionally, even if a major shock 

occurs in one region, the fact that a supply or demand shock can easily be offset by an 

opposite demand or supply shock in a different region has already been mentioned. Over the 

period of 20 years, the largest month-over-month change of wheat stocks was 4 million 

metric tons (both up and down), which represented about 2.5% of global stocks at that time. 

However, these were exceptions. The average monthly change in stocks over the period is 

merely      . Second, the monthly wheat stocks do not represent actual observations of 

data, but data points that have been artificially created using “interpolation”. Interpolation is 

the process of generating data points that lie between two known observations. (Please refer 

to pages 42 and onwards for a detailed description of interpolation.) Naturally, this process 

heavily relies on past data and does not account for the volatility between the observations. In 

order to eliminate autocorrelation from the „inventory‟ data set, the second or even third 
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differences need to be computed. As mentioned earlier, this is simply done by taking the 

difference of the difference, and so on. When the inventory levels are differenced a third 

time, the Dickey Fuller test eventually indicates that autocorrelation has been removed. 

In the appendix on page 80 and onwards, the detailed test results are posted, including 

the test results for the individual variables. 

Lastly, looking at Figure 11, it can be shown graphically that autocorrelation has been 

removed from all variables, after higher order differencing has been done on the inventory 

variable, and single order differencing has been done the other variables. As can be seen, the 

residuals of the differenced wheat futures prices hover around the red line and do not exhibit 

extended periods of one-sided errors. Similar residual charts for the other variables can be 

plotted. 

 

Figure 11: Stata residual plot of differenced wheat futures price 

When the modified data is tested for multicollinearity, the results indicate lower VIF 

values than before, as the following excerpt of the Stata output shows. It has thus been 

confirmed that multicollinearity has been removed from the data series as well. 

 

Figure 12: Stata output for multicollinearity calculations of modified dataset 
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    Mean VIF        1.09
                                    
        foil        1.04    0.965874
        finv        1.05    0.952562
       fspec        1.11    0.903454
      fwheat        1.17    0.851175
                                    
    Variable         VIF       1/VIF  
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Lastly, heteroscedasticity was also eliminated, as indicated by White‟s IM test and the 

Breusch-Pagan test. After the modification, both tests result in the inability to reject the null 

hypothesis that the variance is constant at any meaningful significance level. The  -values are 

now      and     . 

 

 

Figure 13: Heteroscedasticity test after data has been modified 

As a result, in the subsequent calculations, multicollinearity, autocorrelation, and 

heteroscedasticity could be eliminated and the empirical analysis is more likely to yield 

statistically significant and meaningful results. 

3.3 Variables 

In order to conduct a regression analysis and a Granger causality test, a dependent and 

a number of independent variables are needed as inputs. The goal when choosing the 

variables has to be to select such variables that “are thought by the experts in the area of 

study to explain or predict the response variable” (Chatterjee & Hadi, 2006, p.11). The 

selection of the appropriate variables is critical and the process needs to be undertaken 

carefully. Selecting variables that do not actually predict the response variable, does not 

necessarily result in an insignificant model that fails the  -test or one with a low explanatory 

power. Instead, the danger lies in the fact that a set of independent variables that does not 

actually predict the response variable can still yield a very significant model that seems high 

in explanatory power. As a result, false conclusions about what explains the dependent 

variable in reality can be drawn. For instance, one could construct a regression model that 

uses ice cream sales as the dependent variable and sunscreen sales as the independent 

variable. This model would yield a high significance for the independent variable and 

probably a high R-squared, implying that much of the variation in ice cream sales can be 

explained by sunscreen sales. Clearly, this would be a false conclusion, the real driver for 

either product‟s sales being nice weather. While in this simplified example explaining the 

changes in the dependent variable with changes in the independent variable is obviously 

false, in the more complex and sophisticated model that will be constructed, it will not be as 

                                                   
               Total        22.28     19    0.2707
                                                   
            Kurtosis         6.91      1    0.0085
            Skewness         2.94      4    0.5685
  Heteroskedasticity        12.42     14    0.5722
                                                   
              Source         chi2     df      p
                                                   

Cameron & Trivedi's decomposition of IM-test

         Prob > chi2  =   0.8835
         chi2(1)      =     0.02

         Variables: fitted values of fwheat
         Ho: Constant variance
Breusch-Pagan / Cook-Weisberg test for heteroskedasticity 
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obvious whether or not a purported causal relationship is nonsensical. Having regard to the 

importance of choosing appropriate variables in mind, the following variables have been 

selected. 

Dependent Variable Independent Variables 

Wheat futures price Global wheat inventory 

Speculation 

Oil Price 

US-Dollar value 

Table 2: Dependent and independent variables 

The selection process was based on the existing literature, using public opinion on the 

matter, data availability and an expert‟s opinion, as will be discussed later. Some variables 

were omitted from the empirical analysis. This is mainly due to the lack of data availability 

for certain variables or difficulties in expressing the variable numerically and thus making it 

suitable for the regression analysis. One example is Emerging Market growth. While it might 

be intuitive to include this variable in the analysis, it is not clear, which Emerging Markets to 

include and how to measure it in a way that the numbers capture possible impact on the 

wheat price. Additionally, high frequency data is naturally not available for this measure. 

Another example is weather related effects on the wheat price. It does make sense to measure 

the impact of weather on wheat harvests, however the difficulty of how to express weather 

conditions numerically arises. 

In the following, details about each variable will be discussed, including how the 

variable is measured, its frequency, and why it is believed to affect wheat futures prices. 

3.3.1 Dependent Variable: Wheat futures price 

The dependent variable of our regression analysis is the wheat futures price. Using the 

regression model and subsequent Granger causality test, an attempt will be made to explain 

variations in the wheat futures price as a function of a set of independent variables. 

The reason this study used the wheat futures price rather than the wheat spot price is 

straightforward. Among other attempts, this empirical analysis will try to capture the effect of 

speculative behavior on wheat prices. If wheat spot prices were used, this would not be 

possible for the reason that speculators and hedgers who are believed by some to influence 

the wheat price will most likely be active in the futures market and not the spot market. Few 
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speculators are willing to buy wheat at the spot market and take actual delivery of the 

product. Rather, they buy futures contracts and close off their positions before delivery takes 

place (this is known as “rolling forward” the futures contract). As Bagri (2003, p.26) notes, 

“the purpose of futures contracts is not to provide a means for transfer of goods”. 

Therefore, the futures market is much better at capturing speculative behavior than the 

spot market. According to the law of one price, “in efficient markets, for a standard 

commodity, prices in two markets will not differ but for transport costs” (Protopapadakis & 

Stoll 1983, p.1431). Therefore, in wheat futures and spot markets, prices will only differ in 

terms of the storage cost and the convenience yield, a market premium for storage over a 

certain period of time. It is thus reasonable to expect that wheat futures prices serve as a good 

proxy for wheat prices in general. 

There are a number of exchanges around the world where wheat futures contracts are 

being traded. As a result, there is a wide array of wheat futures prices available. The most 

active exchanges in terms of volume of contracts traded include the Kansas City Board of 

Trade where Kansas Wheat Futures are traded, the Chicago Board of Trade where Chicago 

Wheat Futures are traded, and the Minneapolis Grain Exchange. In this research, the wheat 

futures price of the Chicago Board of Trade (CBOT) has been selected as the dependent 

variable. This is for two reasons. First, the volume of wheat futures contracts traded at the 

CBOT is the highest in the world (Thomson Reuters, 2011). Over the past 20 years, almost 

three times as many wheat futures contracts were traded in Chicago than in Kansas City and 

more than seven times as many as in Minneapolis. With digital records of wheat futures 

prices at CBOT dating as far back as January 1978, it is the most thorough and long-term 

digital database that can be accessed in the course of this research. 

In addition, the wheat futures price between the biggest and most active grain 

exchanges is highly correlated. This implies that the wheat futures price from any exchange 

where trading behavior is sufficient in terms of number of contracts and activity can be used 

as a proxy for the wheat price in general. A correlation analysis of the monthly futures prices 

for the period January 1991 to April 2011 in Chicago, Kansas City, and Minneapolis shows 

that wheat futures prices have correlation coefficients of between 0.97 and 0.99. The 

correlation coefficients of wheat futures prices between the major exchanges in the U.S. and 

the Zhengzhou Commodity Exchange in China since January 1994 (the first year data is 

available for the Zhengzhou Commodity Exchange) are considerably lower, between 0.59 
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and 0.65. This is attributable to the fact that China is more or less self-sufficient in terms of 

wheat supply and therefore less involved in international trade. This leaves it less vulnerable 

to international wheat price fluctuations. These results can be seen in Table 3 below. 

Jan 1991 – Apr 2011    

 Chicago Kansas City Minneapolis  

Chicago 1.00 - -  

Kansas City 0.99 1.00 -  

Minneapolis 0.97 0.98 1.00  

     

Jan 1994 – Apr 2011    

  Chicago Kansas City Minneapolis Zhengzhou 

Chicago 1.00 - - - 

Kansas City 0.99 1.00 - - 

Minneapolis 0.97 0.98 1.00 - 

Zhengzhou 0.65 0.65 0.59 1.00 

Table 3: Correlation coefficients of monthly wheat futures prices at different exchanges (Thomson 

Reuters, 2011) 

In summary, wheat future prices capture speculative behavior. The CBOT is the 

world‟s biggest grain exchange and has the most thorough and comprehensive dataset 

available. Therefore, using wheat futures prices from the CBOT will make it possible to 

extract highly accurate, high frequency data over a long time horizon. 

The contract size of “Chicago Wheat futures”, as wheat futures contracts from the 

CBOT are known, is 5,000 bushels or about 136 metric tons (CBOT, 2011). They are priced 

in cents per bushel. Futures contracts for March, July, September, and December are traded. 

For this research monthly data of the above mentioned futures contract for the period of April 

1991 to April 2011 has been used. Additionally, weekly prices for Chicago Wheat Futures for 

the period April 2006 to April 2011 are being analyzed. 

By choosing to analyze monthly data for a twenty-year period, the attempt is made in 

this study to capture macro-economic trends in the wheat price. This includes the long-term 

impact of the oil price, the effect of the US Dollar value against other major currencies, the 

production of wheat, wheat inventory, and the price of a basket of different commodities. The 

shorter five year period, in which weekly data is analyzed, deals with short-term impacts on 

the wheat price. It fully captures the effects of the Global Financial Crisis, the wheat price 

spikes in early 2008 and in summer of 2010. Variables used to capture these short-term 
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impacts are the value of the US Dollar, the oil price, and speculation. Later, these variables 

will be explained in more detail. 

The price data of the Chicago Wheat Futures has been retrieved using an application 

called Thomson Reuters Datastream. 

3.3.2 Independent variables 

3.3.2.1 Wheat Inventory 

The inventory of wheat is an independent variable in the regression analysis which 

aims to explore whether fluctuating stock levels of wheat impact wheat prices and if so, to 

what extent. The data that will be used is an interpolation of annual global wheat inventory 

figures. 

As has been thoroughly discussed in the literature review, lower wheat stocks are 

commonly associated with higher wheat price volatility and a higher wheat price level in 

general. The argument goes that as stocks are reduced, higher demand and lower production 

levels or a combination of the two cannot be offset as easily by drawing down inventories. 

Therefore, with lower global stocks the wheat price is more vulnerable to supply and demand 

fluctuations. Additionally, while supply and demand forces may have an impact on the wheat 

prices, inventories also have a strong signaling function. Many actors on the futures markets 

and professionals in the field closely follow wheat inventory as a basis for their expectations 

of the wheat price. Therefore, wheat inventories serve as a factor in the decision making 

process of whether to sell or to buy wheat and thus ultimately affect the wheat price itself. In 

his analysis of wheat prices, Tom Bundgaard, chief analyst at Kairos Commodities, a web-

based commodity information portal, also uses wheat inventories as a proxy for supply and 

demand forces. In fact, in the company‟s model for predicting the wheat price, inventories 

play a major role. 

The fact that inventories play a major role in determining wheat prices can also be 

seen from the chart below. It shows the wheat futures price (in cents per bushel) over the 

period 1991 to 2011 on the y-axis on the left and the annual wheat inventories in million 

metric tons on the secondary y-axis for the same period. 
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Figure 14: Annual wheat price and year ending global wheat inventories 

The almost perfect inverse relation between the December futures price and the global 

wheat inventories (year ending stocks) can be seen quite easily. This is in line with the 

argument that lower inventories push wheat prices up and vice versa. 

The reason why wheat inventory, rather than supply or demand has been selected as 

independent variable is that inventories represent both supply and demand of wheat. 

According to the United States Department of Agriculture (USDA), wheat inventories are 

calculated as follows. 

                                                    

Inventories should give an intimation of the current and future supply and demand and 

thus possibly have an impact on the prices. This reasoning follows the law of supply and 

demand and is a frequent argument by economist commenting on the drivers of wheat prices. 

Therefore, „wheat inventories‟ as a variable is enough to represent both supply and demand 

forces that affect wheat prices. Additionally, the logic that wheat inventories capture both 

supply and demand fluctuations has another advantage. It makes it possible to test the claim 

that supply or demand disruptions, be it due to political upheavals or weather-related 

incidents, rarely have an impact on the wheat price as the shortages in one country can often 

be offset by a temporary increase of production in another country. 
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Due to the fact that the only data available on wheat inventories is annual wheat 

ending stocks provided by the USDA, the data needs to be modified in order to be used in the 

regression analysis. The annual wheat inventories are reported by the USDA in December of 

each year. The USDA has been publishing data on a wide array of agricultural products for 

decades. In fact, some of the oldest data on wheat production and wheat yields dates back to 

1866. Since the early 1970s, the USDA has been publishing data on agricultural products in 

their “World Agricultural Supply and Demand Estimates” report. This detailed report 

contains an assessment of U.S. and world crop supply and demand as well as data on U.S. 

livestock, poultry, and dairy products (USDA, 2011). Over the years, the USDA has modified 

and updated the report to represent developments in the agricultural markets. For instance, 

while wheat has been included in the report since it was first published in the early 1970s, it 

was not until 1982 that data was made available by wheat class (hard winter, hard spring, 

etc.) (USDA, 2011a). Today, the dataset about wheat includes beginning stocks, production, 

total supply, total domestic use, exports, total use, and ending stocks. 

In order to be able to use data that is available only on an annual basis in the monthly 

regression, it needs to be interpolated. Interpolation is the task of “[estimating]      for 

arbitrary   by […] drawing a smooth curve through […] the   .” (Press, 2007, p.110). That 

is, given the annual wheat inventory values, the function that connects these data points over 

the period from 1991 to 2011 is estimated. The biggest and most severe downside of 

interpolation is that it always assumes smoothness of the function it estimates. If the data 

varies wildly and unexpectedly between the given data points, interpolation cannot capture 

that. However, looking at global wheat inventories, it can be safely assumed that while there 

might in fact be some degree of fluctuation within any given year, the overall trend should 

follow a rather smooth line. Therefore, it is reasonable to apply the interpolation process to 

wheat inventory data. Because of this inherent dilemma that the estimated function might not 

capture unexpected fluctuations, one needs to evaluate the interpolating function after it has 

been derived. 

There are a number of different approaches to interpolation. The most commonly used 

ones are linear interpolation, polynomial interpolation, trigonometric approximation and 

cubic spline interpolation (Press, 2007). While the linear interpolation is the most basic one 

and simply connects the given data points with a straight line, the polynomial interpolation 

connects the data points with a polynomial function of three or more degrees. The most 

precise method is the cubic spline interpolation. Instead of creating one function that connects 
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all the data points, cubic spline interpolation is the process of fitting a series of polynomial 

functions between each of the data points (McKinley & Levine, 1998). That is, any two 

points in the given data set are connected by a polynomial equation of the form 

              
          

              

The great advantage of cubic splines over polynomial approximations lies in this very 

characteristic. While in theory it is possible to create a polynomial function of the 99
th

 degree 

to connect 100 random data points in one equation, it would require immense computational 

power and be very time consuming. With cubic spline interpolation, an infinite number of 

data points can be connected, thus yielding more frequent data in a simple fashion. In 

empirical research, where many data observations need to be connected, this is highly useful. 

In this example, using Microsoft Excel, cubic spline interpolation was conducted to 

connect 25 observations of annual global wheat inventory (from December 1986 to 

December 2010) with a smooth curve. This way, monthly data could be extracted and 

subsequently used in the regression analysis to determine the effect of rising or falling 

inventories on the wheat price. 

 

Figure 15: Annual global wheat inventories in million metric tons (red dots) interpolated using cubic 

spline interpolation (blue line) 

Figure 15 shows the given data points as red dots. This data of the annual wheat 

ending stocks was downloaded from the USDA database (USDA, 2011b). Then, using 

Microsoft Excel, the data between the red dots, illustrated as the blue line was calculated. 
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It should be noted that interpolation of data is just an approximation of reality and 

cannot capture strong and unexpected movements. The smooth blue curve that has been 

derived can omit rapid and severe changes in global wheat inventories, thus negatively 

affecting the explanatory value of the regression analysis that will be conducted later. 

However, yearly data on global wheat stocks retrieved from the USDA is the most frequent 

available. Therefore, interpolating this data in order to be able to include the variable 

“inventories” in the monthly regression analysis is the only method available. However, 

interpolation was not used to produce weekly values in order to include the independent 

variable “inventories” in the regression analysis that analyzes weekly data. While this is 

easily possible in theory – after all the smooth blue line in Figure 15 above shows the wheat 

inventories at any given point of time within the period – the logic of deriving weekly from 

yearly data has to be questioned. First, deriving weekly data from annual data is even more 

subject to wrongly neglecting price spikes. Second, it is unlikely that interpolated weekly 

inventory levels would have an impact on wheat prices. While in theory the fundamental 

supply and demand factors should naturally influence wheat prices, in reality, if data about 

global wheat inventories is simply unknown it cannot impact prices. If the weekly price of 

wheat in a specific region was analyzed where information about inventories was publicly 

available, inventories could actually affect prices. However, in this global picture this is not 

the case. After the annual data has been interpolated to provide monthly figures, the negative 

correlation between wheat inventories and the wheat futures price is even more obvious. 

 

Figure 16: Monthly wheat futures price compared to the monthly global wheat inventory. Own 

illustration based on data from USDA (2011) and Thomson Reuters (2011). 
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It is surprising how consistent global wheat inventories are in their negative 

relationship to wheat futures prices. The correlation coefficient between the two variable sets 

is less than -0.50, which is an indicator for the strong negative relationship. As highlighted in 

Figure 16 above, peaks in global wheat inventory almost always occur at the same time as the 

wheat futures price is at a low. The opposite is true as well. The peaks and troughs have been 

marked in the chart with grey bars. As can be seen, they occur within a very short period of 

time. Apart from the turning points, more generally, long-term trends are related as well. As 

inventories stay nearly the same over the period from April 1998 to April 2002, so did the 

wheat futures price. 

In summary, based on a vast amount of literature and the fundamental law of supply 

and demand, this study will put forward the following hypothesis: 

Hypothesis 1: Global wheat ending stocks negatively affect wheat prices. 

3.3.2.2 US Dollar 

As described in previous parts of this report, the US dollar may have significant 

influence on commodity prices. It is therefore important to include a variable in the 

regression analysis that captures the relative strength of US dollar against a set of different 

currencies. This is done using the “Nominal Major Currencies Dollar Index” provided by the 

US Federal Reserve. The “Nominal Major Currencies Dollar Index” is an index that has been 

assembled on a monthly basis since 1973 (Federal Reserve Bank, 2011). The Federal Reserve 

explains the composition of the index on their website as follows: “The major currencies 

index is a weighted average of the foreign exchange values of the US dollar against a subset 

of currencies […] that circulate widely outside the country of issue” (Federal Reserve Bank, 

2011, p.1). Therefore, included in the index are the Euro, the Canadian Dollar, the Japanese 

Yen, the British Pound, the Suisse Franc, and the Swedish Krona. The Federal Reserve states 

that the index is used to measure financial market pressures on the dollar since these major 

currencies generally trade in liquid financial markets. Thus, this variable will capture the 

relative development of the US dollar over time including financial market pressures on the 

dollar. This is of value as the US dollar has been found being a leading indicator of 

commodity prices as discussed in the literature review. 

It has been found in several studies that the US dollar has an effect on wheat prices. 

First, wheat traded in global markets is often denominated in US Dollar. This suggests a 

logical relationship that is related to the “law of one price”. In economic theory, the wheat 
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price – just like the price of any other product in a competitive market – is determined by 

supply and demand. Wheat supply is dependent on many factors which fluctuate but which 

are not impacted by currency exchange rates, including the cost of production. The local 

producer of wheat will always pay in his domestic currency. Therefore, production costs do 

not change when the value of the dollar changes (Rasmussen, 2007). Thus, a stronger dollar 

will buy more units of wheat (or other commodities) while a weaker dollar will buy less. 

Consequently, a depreciating US dollar will lead to increased prices of wheat and vice versa. 

Another argument for an inverse relationship between the dollar and commodity prices is that 

weakening of the US dollar often goes together with easing of US monetary policy which is 

positively related to global economic growth and demand for commodities (Rasmussen, 

2007). This would in turn raise commodity prices. A last argument is the fact that the inverse 

relationship is well known in financial markets and therefore one may argue that traders for 

this reason invest largely in commodities as the US dollar depreciates. Although the 

correlation between commodity prices and US dollar is stronger for non-agricultural 

commodities, the result presented in the literature review points to the fact that the same 

negative correlation also is present for wheat. Again, the chart below shows this negative 

relationship quite clearly. 

 

Figure 17: Chicago wheat futures and US Dollar Index Own illustration based on data fromThomson 

Reuters, (2011). 

Based on the above, this study will put forward the following hypothesis: 

Hypothesis 2a: The monthly value of the US dollar negatively affects wheat prices. 
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Hypothesis 2b: The weekly value of the US dollar negatively affects wheat prices. 

3.3.2.3 Oil Price 

As another variable the oil price is used as an independent variable in the model. The 

oil price is expressed in US Dollar per barrel. There are a number of different types of oil, 

differing in terms of geographic region where they are found and composition. Two of the 

most commonly traded crude oils are West Texas Intermediate (WTI) and Brent Crude Oil. 

While WTI is found mainly in Texas and Mexico, Brent Crude Oil comes from the North 

Sea. The two different spot prices are highly correlated (correlation coefficient of 0.99), 

indicating that either choice of crude oil price as a proxy for the oil price in the regression 

analysis would have similar effects on the dependent variable. Brent Crude Oil is used more 

internationally than the WTI which is primarily used in the US. For this reason, this analysis 

will use the Brent Crude Oil price as it may mirror the changes in the world market to a larger 

extent. 

As explained in the literature review, changes in oil price may have an effect on wheat 

prices in different ways. First, energy-related inputs into the production process of wheat that 

rise and fall with crude oil represent a significant part of the farmers‟ budget in the developed 

world. The prices of operating tractors and machinery and the price of fertilizers (with 

phosphate as one of the main components) depend heavily on the oil price. Consequently, the 

production costs change accordingly and although producers can hedge to reduce the risk of 

large fluctuations, one cannot fully avoid the shifts in costs. Second, increasing oil prices also 

translate into higher processing and transportation costs of wheat. On a global scale, wheat is 

heavily traded and transported making the wheat price even more vulnerable to the oil price. 

Figure 18 below shows a clear upward trend of wheat exports that is unbroken since 

the 1960s. The red line shows a fairly stable share of wheat exports compared to the 

production level that has hovered around 20%. This shows that despite some governments‟ 

efforts to curb wheat imports and become self-sufficient in terms of wheat supply, not much 

has been achieved and wheat remains a commodity that is heavily traded across the globe and 

thus susceptible to oil price fluctuations. As a result, although the percentage of wheat used 

for exporting has remained stable over the last 50 years and is likely to well into the future, 

the sheer amount of wheat shipped and driven around the globe has increased. 



Empirical Analysis  50 

 

Figure 18: World wheat exports and exports as percentage of world production. (USDA, 2011b) 

Since the price for Brent Crude Oil has certainly increased in the time period that will 

be investigated. It started off at about $20 in April 1991, fell by 50% to $10 in 1998, peaked 

at $137 in July 2008 and stands at the time of writing at $90 – the wheat price is suspected to 

have been influenced due to the above mentioned reasons. Following this, this study will test 

the following hypothesis: 

Hypothesis 3a: The monthly oil price positively affects wheat prices. 

Hypothesis 3b: The weekly oil price positively affects wheat prices. 

3.3.2.4 Speculation 

Speculation is a very important and difficult independent variable to include in the 

empirical analysis. It is important, because – as it has been shown in the Literature Review – 

many researchers, politicians, and representatives of interest groups believe that speculation 

plays a major role in the recent price spikes of the wheat and food prices. However, many 

believe that speculation does not have any price-driving effects on commodity prices. On the 

contrary, they claim that speculative activity can in fact lower commodity prices and help 

push prices to “fair” levels. 

The supporters of the theory that speculation drives up wheat prices argue that 

speculative investments in commodities, including index investment and non-commercial 

trading, have pushed prices upwards due to the “financialization” of commodity markets. 
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That is, large numbers of short-term focused investors have entered the markets and driven 

prices away from market fundamentals such as supply and demand. Often cited reasons are 

bandwagon effects and excessive long positions in futures. With the contrary opinion 

opponents to this belief argue that speculation does not affect the prices of the underlying 

commodities, as trading in futures contracts creates does not affect the supply and demand of 

the actual product, but only the supply and demand of futures contracts. They claim that 

trading can only have an impact on prices if it actually affects physical flows and stocks of 

commodities and that this has not been the case. 

However, just as speculation may be important, it is also challenging to include 

speculation in the research, because there is no consensus on how to measure and quantify 

speculation and researchers widely adapt different approaches. This has been a problem in the 

research field and it is claimed that the lack of solid evidence on the issue in part reflects data 

and definitional problems associated with defining and measuring speculation (IMF, 2006). 

Indeed, there are obvious problems with defining speculation since traders are not required to 

inform the exchange authorities whether their buy or sell is executed on the background of 

fundamentals or expectations. 

In this regression analysis two separate independent variables are used to account for 

the impact speculation may have on wheat prices. First, in the monthly regression analysis, 

the monthly number of non-commercial traders long in wheat futures is used. The data is 

reported in the Commitments of Traders (COT) reports produced by the US Commodity 

Futures Trading Commission (US CFTC, 2011). Non-commercial traders exclude farmers, 

firms and other entities involved in the production, processing or merchandising of wheat. 

Commercial traders mostly engage in trading in futures for minimizing risks and hedging 

against uncertainties. Non-commercial traders however, have different motives and are 

generally trading to balance a portfolio or bet on future price trends. Consequently, one can 

assume that non-commercial traders‟ primary motive is to maximize profit and thus they are 

more likely to engage in speculative activity. Examples of non-commercial traders are hedge 

funds and institutional investors, for instance. This separation of traders has been a 

commonly used approach by scholars to allow the isolation of the effect of the increased 

non-commercial trading activity (e.g. Sanders et al., 2010; Gilbert, 2010). Additionally, it is 

useful to account for the impact of long commodity index traders who scholars have claimed 

are causing price distortion (see Literature review). 
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The number of non-commercial traders long in wheat futures has considerably 

increased over the last 20 years, which indicates that more traders without commercial 

interest have entered the market of wheat futures. At the same time, the price of wheat futures 

has increased over the same period and now stands at a level three times that of April 1991. 

Therefore, the number of non-commercial traders long in wheat futures may have 

implications on the increased price of wheat futures. The chart below shows the number of 

non-commercial traders long in wheat futures and the price of Chicago wheat futures, both 

indexed to one at April 1991. As can be seen, the number of traders can in certain periods be 

perceived as a leading indicator for the price of wheat. 

 

Figure 19: Monthly wheat futures price and speculation (USDA, 2011b) 

In the second regression analysis that uses weekly rather than monthly data, an 

alternative independent variable for speculation is used. It is the percentage of 

non-commercial long open interest in the market for wheat futures, i.e. the share of long open 

interest in the wheat futures market that is held by non-commercial traders. This data has 

been reported since 2006 in the COT reports. 

Open interest is the total number of futures contracts for wheat that have not yet been 

offset by an opposite futures position or fulfilled by delivery of the commodity (US CFTC, 

2011). As has been previously explained, when a trader takes a long or short position, an 

open position exists until the trader takes the opposite position, cancelling out a long position 

with a short position and vice versa, or the contract expires. Therefore, the rising percentage 
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of non-commercial long open interest in the market for wheat futures may indicate the entry 

of speculators into the market. In the graph below this relationship that might or might not 

prove to be statistically significant is visualized. As can be easily seen, in early 2008, when 

the wheat futures prices reached their maximum of about $12 per bushel, the percentage of 

long open interest held by non-commercial traders, i.e. speculators, was above 90%, peaking 

at 96.20% in July of that year. On the other hand, when wheat prices were considerably lower 

in late 2006 and early 2010, so was the percentage of non-commercial open interest. 

 

Figure 20: Weekly wheat futures price and speculation (Thomson Reuters, 2011). 

The two measurements used for speculation in this analysis are considered valid based 

on the assumption that non-commercial speculators are driving speculative activity by taking 

long positions in wheat futures and not subsequently exercising the futures. 

Certainly there are limitations with this measure of speculation. First, the CFTC relies 

on the traders self-reporting their trading intention (US CFTC, 2011a). While Commission 

staff may re-classify a trader, “if [the CFTC] has additional information about the trader‟s use 

of the markets” (US CFTC, 2011a, p.1), it is unlikely that the data has a high accuracy. 

Second, in the COT report, there is a considerable amount of non-reportable positions, i.e. 

positions about which the commercial/ non-commercial classification is unknown. Reportable 

positions include clearing members, futures commission merchants, and foreign brokers that 

hold positions beyond a reporting threshold set by the CFTC. That means that usually about 

70% to 90% of all positions are reported. Again, the data is incomplete and possibly shows a 
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distorted representation of reality. Lastly, even if the data about the non-commercial positions 

in the wheat futures market were complete and precise, it can be regarded as an over-

generalization to claim that every non-commercial trader is a speculator. Speculation seems 

to have a negative connotation and it has become common to blame speculators on the wheat 

price spikes. While it is true that non-commercial traders have no interest in the delivery of 

the product and commonly roll their futures contracts forward and while the non-commercial 

traders reported in the COT are large, institutional investors that might have a considerable 

impact on the wheat price, it is wrong to assume that non-commercial traders recklessly bet 

on wheat price changes without being well informed. Instead, today‟s institutional investors 

and hedge funds are well informed about changes in wheat fundamentals and invest not only 

to profit from wheat price increases, but also to balance their portfolios, i.e. they engage in 

hedging activities as well. 

In summary, whether and how speculation affects wheat prices has been widely 

debated over the last couple of years. Yet, the issue is far from resolved and there is no 

consensus with respect to the impact speculation has on commodity prices. Overall the 

empirical evidence is scarce on both sides, partly because of difficulties of measuring 

speculation. Nevertheless, in line with some of the past findings on the effect of speculation 

on wheat prices, the study will test the following hypotheses. 

Hypothesis 4a: The number of non-commercial traders long in CBOT wheat futures 

(=’speculation’) positively affects wheat prices. 

Hypothesis 4b: The percentage of non-commercial long Open Interest (=’speculation’) 

positively affects wheat prices. 

3.4 Results 

In this section, the results from the empirical analysis will be presented. First, the 

result from the regression analysis based on monthly data is outlined by presenting the output 

for the tests of the variables individually and subsequently for the full model containing all 

variables. Here, it will also be stated whether the hypotheses presented in the previous section 

are supported or not. The same presentation of the second regression analysis results will 

follow based on the model using weekly data. Lastly, the result from the Granger causality 

test is presented. In this section, the empirical results are presented together with a description 

of how statistically significant and robust the models are. Underlying reasons, implications 

and conclusions of the results are highlighted in the discussion section on pages 63 onwards. 
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3.4.1 Monthly Regression Analysis 

Table 4 presents an overview of the results of the various regression analyses using 

monthly data. 

 1 2 3 4 5 6 7 8 

 Inventory US Dollar Oil Speculation 

US 

Dollar + 

Oil 

US Dollar + 

Oil+ 

Speculation 

Inventory 

+ US 

Dollar + 

Oil 

Inventory + 

US Dollar + 

Oil + 

Speculation 

Inventory 
-0.0046**      -0.0041** -0.0038** 

(0.0015)      (0.0015) (0.0014) 

         

US Dollar 
 -3.4958   -2.3067 -2.5590 -1.3039 -1.6124 

 (1.7871)   (1.8601) (1.7756) (1.8704) (1.7866) 

         

Oil 
  1.4362**  1.2216* 1.0194 1.1540* 0.9599 

  (0.5491)  (0.5751) (0.5503) (0.0568) (0.5434) 

         

Speculation 
   1.1317**  1.1034**  1.0817** 

   (0.2278)  (0.2256)  (0.2227) 

         

Intercept 
2.3977 1.8755 1.6806 1.5571 1.5883 1.0897 1.9269 1.4175 

(2.6346) (2.6703) (2.656) (2.5602) (2.654) (2.5344) (2.6203) (2.5036) 

N 236 236 236 236 236 236 236 236 

R
2
 4.14% 1.61% 2.84% 9.55% 3.40% 12.5% 6.52% 15.18% 

Adj.  R
2
 3.73% 1.19% 2.43% 9.16% 2.65% 11.37% 5.31% 13.71% 

F 10.10** 3.83 6.84** 24.69** 4.20* 11.05** 5.40** 10.34** 

Standard errors in parentheses       

* p<.05, ** p<.01       

Table 4: Results of regression analyses using monthly data 

In model 1, inventory was tested alone as an explanatory variable of wheat prices. The 

test shows a negative and significant relationship at the 1% level (          ,       ). 

Thus Hypothesis 1, suggesting that inventory of wheat affects wheat prices negatively, is 

supported at a high confidence level. The    for the period is shown to be      , indicating 

that the inventory has some explanatory power for wheat prices. In other words, changes in 

inventory explain       of changes in the wheat price. A more detailed discussion around 

the interpretation of the    was already introduced in the methodology section of this thesis. 

Model 2 regresses the wheat price on the US Dollar value and the results show that the 

response is negative in direction, but statistically insignificant (        , n.s.). Therefore, 

Hypothesis 2a saying that the monthly US Dollar value negatively affects the wheat price is 

not supported in this regression analysis. 
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Furthermore, model 3 regresses the wheat price on the oil price. The relationship 

shows to be positive and significant at the 1% level (       ,       ). Therefore 

Hypothesis 3a, suggesting that the monthly oil price positively affects the wheat price is 

supported. The    reaches      , indicating that a rather small amount of the variance in 

wheat prices can be explained by changes in the oil price alone. 

In regression model 4, speculation is tested as an explanatory variable to wheat prices. 

The test once again shows strong significance at the 1% level and a positive relationship 

(       ,       ). This is in line with Hypothesis 4a, which thus is supported. The    

in this regression is      , pointing to a rather high explanatory factor compared to the other 

independent variables. 

Model 8 is the complete model which tests the explanatory power of all the 

independent variables together. As shown, on the individual level, all variables except the US 

Dollar had an impact on the wheat price at the significance level. The    for these models 

have varied between approximately    and    . The question is however, if the 

independent variables together can explain a larger share of the changes. In Model 8, the    

now accounts for        for the variance in the wheat price. The US Dollar is again 

insignificant. Additionally, in the complete model, the oil price is also insignificant with a  -

value of     . Nevertheless, the complete model is significant at the 1% level, meaning that 

the overall model fits the data well. Furthermore, the directions of the independent variables 

are all according to what the hypotheses suggest. 

Further, several models will follow looking at different combinations of multiple 

regressions to identify whether the model can maintain its explanatory strength with less 

variables. First, inventory, US dollar and oil price are tested together, excluding the variable 

for speculation. Testing Model 7 finds support in the notion that all variables except 

speculation are traditional explanations to fluctuations in wheat prices. The    of the model, 

6.52%, shows a relatively low explanatory power for these three variables. In addition, US 

dollar once again shows to be insignificant. 

Furthermore, Model 6 leaves out the inventory variable and instead includes 

speculation. One may argue that all these three variables have strong relation to financial 

markets and the financialization of commodities which have been discussed in this report. 

Unfortunately, both the US dollar and the oil price here are shown to be insignificant. 
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Lastly, Model 5 regresses wheat price on the US dollar and the oil price. The test 

shows an    of 3.4% but with US dollar‟s response as insignificant. Though partly 

insignificant independent variables, the complete model shows the highest   . Importantly, 

the adjusted    also increases and is highest in this model, which is an indication of the „best‟ 

set of independent variables (Kennedy, 2003). The results imply that about 15% of the 

variance in wheat prices can be explained by the variance in the independent variables 

combined. 

As outlined earlier, it is expected that the    may be at a rather low level in 

appropriately stationarized time series data (see page 24). Yet, an    of 15% which this 

regression model provides can be considered as acceptable and quite satisfactory considering 

the nature of the data and that the dependent variable is a variable of the wheat futures price. 

In appendix 4, the monthly regression analysis based on non-transformed data (data that 

contains autocorrelation) is shown. The output from these regression models clearly shows a 

significantly higher R-squared and in the monthly model with all independent variables it 

reaches almost 65%. If the purpose of the study would be to create a predictive model of the 

future wheat price, this regression analysis would likely be superior the one presented in this 

result section. Indeed, it is often the case that most predicted power can be derived from 

historical data, not least including the historical data of the dependent variable (Nau, 1981). 

3.4.2 Weekly Regression Analysis 

The regression analysis with weekly data contains fewer models as a result of the lack 

of frequent data for the wheat inventory. The variables that are tested are therefore the US 

Dollar, the oil price and speculation. Again, the data is differenced and the variables therefore 

represent the week-over-week change in the respective variable. First, in model 1 the wheat 

price is regressed on the US dollar. The result shows a negative relationship with significance 

at the 1% level ( =-13.83, P<0.01). This is in line with Hypothesis 2b, which is supported 

based on the weekly data. Note that the regression relationship between the US Dollar and the 

wheat price could not be established in the monthly model. The     for model 1 is 11.84% 

which indicates a relatively high explanatory power. 

In model 2 the oil price is tested as an explanatory variable to wheat prices. The result 

shows a positive relationship that once again is significant at the 1% level ( =2.41, P<0.01). 

The result based on the weekly data therefore supports Hypothesis 3b, that the oil prices 
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affect the wheat price positively. The    is 5.8% indicating a lower explanatory power than 

for US Dollar. 

In model 3 wheat price is regressed on speculation. Here the result shows a positive 

relationship at the 1% significance level ( =910.45, P<0.01). The result supports Hypothesis 

4b, suggesting a positive relationship between speculation and wheat prices. The    in model 

3 reaches 4.51%, which shows a lower explanatory power than speculation had in the 

monthly model. However, this can be explained by the different measure of speculation, 

different time period and different frequency of data and therefore the two models are not 

comparable. 

 1 2 3 4 5 5 6 

 US Dollar Oil Speculation 
US Dollar + 

Oil 

US Dollar + 

Speculation 

Oil + 

Speculation 

US Dollar + 

Oil + 

Speculation 

US Dollar -13.83**   -11.93** -12.45**  -10.57** 

 (2.46)   (2.59) (2.53)  (2.65) 

        

Oil  2.41**  1.43*  2.24** 1.42* 

  (0.63)  (0.65)  (0.63) (0.64) 

        

Speculation   910.45**  562.86* 822.55** 559.74* 

   (273.33)  (270.19) (267.85) (267.97) 

        

Intercept 1.34 1.53 1.69 1.24 1.31 1.45 1.22 

 (2.37) (2.45) (2.47) (2.35) (2.35) (2.41) (2.34) 

N 237 237 237 237 237 237 237 

R
2
 11.84% 5.8% 4.51% 13.64% 13.45% 9.45% 15.23% 

Adj R
2
 11.47% 5.4% 4.1% 12.9% 12.71% 8.68% 14.14% 

F 31.56** 14.48** 11.1** 18.48** 12.22** 12.22** 13.95** 

Standard errors in parentheses 
 

* p<.05, ** p<.01 
   

 

Table 5: Weekly regression analysis results 

In model 6, all the variables, US Dollar, oil price and speculation, are tested jointly in 

a multiple regression analysis. All the variables are shown to have the direction as expected 

by the hypotheses and have a significance level of 1%. The    in model 6 reaches 15.23% 

which gives the model the highest explanatory power. In addition, it can be argued that model 

6 is the superior due to the fact it provides the highest adjusted   . Referring back to the 

discussion on how the value of R-squared should be interpreted on page 24, this suggests an 

acceptable explanatory power considering the transformation of the data. By comparing to 
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the different weekly models, the combinations that could compete with the full model are 

number 4 and 5 where wheat is regressed on US dollar together with the oil price and 

speculation respectively. In these models, the    values are around 13.5% with all variables 

significant.  

In appendix 5, the regression analysis based on the weekly non-transformed data 

(containing autocorrelation) is reported. Likewise the monthly model, this regression analysis 

with non-stationary data provides a higher   , of about 54% for the complete model. 

Nevertheless, the model cannot be viewed a statistically appropriate method, although it may 

be useful for predictive purposes. Thus, the complete model presented in this section offers 

the „best‟ model that also is statistically valid. Below, the regression response of the full 

model is plotted against the actual wheat price. As expected due to the R-squared and the 

differencing of data, some major trends are not followed and explained by the regression 

response. However, for certain parts of the wheat price, the close match of the regression 

response is obvious. 

 

Figure 21: Regression response and actual wheat price, weekly data. 

3.4.3 Granger Causality Tests 

The regression analyses that have been conducted are only a first step in the analysis. 

As Freund et al. (2006) write, simply unveiling a regression relationship is not enough to 

conclude that the there is a causal relationship. For this reason, Granger causality tests have 

been conducted. As explained earlier, it will be empirically tested whether a time series is 
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better explained using only its own lagged value as an independent variable, or if the 

explanatory power increases if the lagged value of another independent variable is added. As 

explained in the study, there has been uncertainty around the relationship between the 

variables, not least because of the high degree of interconnection, especially on financial 

markets. To account for the possibility of a feedback relationship, the Granger causality test 

is executed in both directions. 

First, the optimum number of lags to be used in the Granger test was determined. As 

mentioned earlier, many researchers choose the number of lags arbitrarily. However, as 

Thornton & Batten (1985) find, choosing the lag-lengths arbitrarily or using rules-of-thumb, 

fails to ensure that the findings are not critically dependent on a careful choice of the lag 

structure. For this reason, a statistical program has been chosen to determine the number of 

lags. The process is based on various information criteria, such as Akaike‟s information 

criterion (AIC) and the final prediction error (FPE). However, the process of determining the 

optimum number of lags goes beyond the scope of this thesis. Both, for the monthly model 

and the weekly model, two lags have been determined to be the optimum period. 

Figure 22 below shows the output that Stata yields for the two period lagged Granger 

test of the monthly data. Before the results are discussed, it is important to note that the same 

differenced data that was used in the regression analysis was also used in the Granger 

causality test. Therefore, the variables have to be interpreted as the month-over-month change 

(or week-over-week change for the other model) of the wheat futures price, the global wheat 

inventory, the US Dollar value, the oil price, and speculation. 
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Figure 22: Results of two-month lagged Granger causality test of monthly data (results at 5% 

significance highlighted in green) 

The table with the results of the Granger test is interpreted as follows. The column 

„Equation‟ indicates the variable that is assumed to be caused by the variable in the column 

labeled „Excluded‟. In each row, the null hypothesis that the variable in „Excluded‟ does not 

Granger-cause the variable in „Equation‟ is tested. The value in column five shows whether 

or not the null hypothesis can be rejected and if so, at which level. For instance, in the first 

row, the null hypothesis that the change in wheat inventories does not Granger-cause the 

change in wheat prices is tested. It can be rejected at the 1% level, as indicated by the value 

in column „Prob > chi2‟ (Stata uses Chi-square rather than an  -distribution). Therefore, it 

can be concluded that as a result of changes in wheat inventories, the monthly wheat futures 

price changes. From the regression analysis it is known that this relationship is negative. 

Later, in the discussion part, an interpretation of this causal relationship will follow. The fifth 

line of each variable tests the null hypothesis that all other variables are jointly zero. In the 

same way, each line in Figure 22 can be interpreted. 

                                                                      
          Speculation                ALL    21.489     8    0.006     
          Speculation          Oil_Price    2.6911     2    0.260     
          Speculation          US_Dollar    5.5385     2    0.063     
          Speculation          Inventory    1.3228     2    0.516     
          Speculation        Wheat_Price    11.521     2    0.003     
                                                                      
            Oil_Price                ALL     6.638     8    0.576     
            Oil_Price        Speculation    1.2244     2    0.542     
            Oil_Price          US_Dollar    1.0318     2    0.597     
            Oil_Price          Inventory    3.6765     2    0.159     
            Oil_Price        Wheat_Price    .08843     2    0.957     
                                                                      
            US_Dollar                ALL    8.4903     8    0.387     
            US_Dollar        Speculation    3.2872     2    0.193     
            US_Dollar          Oil_Price    1.4187     2    0.492     
            US_Dollar          Inventory    2.7155     2    0.257     
            US_Dollar        Wheat_Price    .60309     2    0.740     
                                                                      
            Inventory                ALL    7.5864     8    0.475     
            Inventory        Speculation    .87038     2    0.647     
            Inventory          Oil_Price    .36261     2    0.834     
            Inventory          US_Dollar    4.1307     2    0.127     
            Inventory        Wheat_Price    .97628     2    0.614     
                                                                      
          Wheat_Price                ALL    15.147     8    0.056     
          Wheat_Price        Speculation    4.1317     2    0.127     
          Wheat_Price          Oil_Price    .21963     2    0.896     
          Wheat_Price          US_Dollar    1.6264     2    0.443     
          Wheat_Price          Inventory    9.4767     2    0.009     
                                                                      
             Equation           Excluded     chi2     df Prob > chi2  
                                                                      
   Granger causality Wald tests
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Generally, one variable Granger causing another one at a high significance level is 

rare in this data set. Inventory levels Granger causes wheat price and wheat price Granger 

causes speculation at a 5% significance level. Apart from wheat inventory, no other factor 

seems to Granger cause the wheat price. 

The same analysis is executed for the weekly dataset including the independent 

variables, US Dollar value, oil price, and speculation. It is interesting to look at higher 

frequency data in order to see if the variables have a leading impact in a shorter time interval 

taken before the dependent variable. 

 

Figure 23: Two period lagged Granger causality test result for weekly regression model (results at 5% 

significance highlighted in green) 

Here, the causal relationship between the US Dollar and the wheat price is within a 

5% significance level. Similarly, the oil price seems to Granger cause the US Dollar value at 

an even higher significance level. In the weekly scope, no factor other than the US Dollar 

value Granger causes the wheat price. However, considering that the oil price Granger causes 

the US Dollar value at a 1% significance level (an explanation of this relationship will follow 

later in the discussion section), it indirectly Granger causes the wheat price as well. 

                                                                      
          Speculation                ALL    10.568     6    0.103     
          Speculation          Oil_Price    4.9201     2    0.085     
          Speculation          US_Dollar    1.0419     2    0.594     
          Speculation        Wheat_Price    5.0579     2    0.080     
                                                                      
            Oil_Price                ALL    5.7816     6    0.448     
            Oil_Price        Speculation    .60097     2    0.740     
            Oil_Price          US_Dollar    1.9921     2    0.369     
            Oil_Price        Wheat_Price    2.7707     2    0.250     
                                                                      
            US_Dollar                ALL    25.566     6    0.000     
            US_Dollar        Speculation    3.1515     2    0.207     
            US_Dollar          Oil_Price    21.499     2    0.000     
            US_Dollar        Wheat_Price    .29027     2    0.865     
                                                                      
          Wheat_Price                ALL    9.4539     6    0.150     
          Wheat_Price        Speculation    1.8975     2    0.387     
          Wheat_Price          Oil_Price    2.2109     2    0.331     
          Wheat_Price          US_Dollar    6.0759     2    0.048     
                                                                      
             Equation           Excluded     chi2     df Prob > chi2  
                                                                      
   Granger causality Wald tests
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3.5 Discussion of the Results 

3.5.1 Wheat Inventories 

As expected and as hypothesis 1 suggested, the results showed that inventory has a 

statistically significant inverse relationship with the wheat price. The results are in line with 

the traditional notion that an increasing stock of inventory will cause a lower wheat price 

whereas a decreasing stock of inventory will increase the price. As stated, however, the 

regression analysis does not reveal actual evidence on the causality between the two 

variables. Unfortunately, the Granger causality test with two periods of lags showed that 

inventory does not Granger cause wheat price and neither did the wheat price Granger cause 

inventory of wheat. In other words, a causal relationship between wheat price and inventory 

cannot be determined. Thus, this study fails to provide evidence on which of the factors is 

leading. 

Generally, it has been argued that wheat inventories cause wheat prices. As thoroughly 

explained in the literature review, the argument most commonly cited was that inventories 

need to be at a certain level, in order to be capable of absorbing supply and demand shocks. If 

the inventory falls below a certain level, it causes wheat prices to increase, due to fears of 

supply shortages. Looking beyond the conventional line of thought that global wheat 

inventories are a factor driving wheat, one can identify a number of reasons that support a 

causal relationship in the other direction as well. In contrast to the conventional thought it is 

possible that the wheat price will have a significant influence on the future inventory levels. 

The explanation for this is that a higher wheat spot price will lead to fewer actors turning to 

the spot market to acquire wheat. Instead, market participants will use up their own inventory 

first to satisfy demand, hoping that as time passes, the wheat spot price will decrease. As a 

result of less activity at the spot market, wheat spot prices drop. In contrast, in times of low 

wheat prices, the players will acquire wheat on the spot market and consequently build up 

their level of stocks, in anticipation of higher prices in the future. This view is supported by 

the argument that global wheat supply is sufficient to meet global wheat demand, also in 

times of temporary shortages. In addition, the reasoning is in line with the findings presented 

in the literature review that over the past years, a trend of sharp increases in wheat spot prices 

accompanied by declining levels of stocks has been observed (Krugman, 2011d; Sanders & 

Irwin, 2011). 
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Since no Granger-causality was found between wheat inventories and the wheat price, 

it could imply that there is a third, unknown variable that acts a connector between 

inventories and prices. This variable could for instance be weather conditions or any other 

exogenous factor that has an impact on both, inventories and prices. Further research is 

required to identify this connector. 

Some implications of the empirical findings are that wheat inventories do matter and 

therefore need to be closely monitored by anyone who has an interest in the wheat price. 

While the attempt to establish a causal relationship between the two variables failed, this does 

not imply that there is none. The rejection of a causal relationship is based on a specific data 

set, a specific time period, and a specific number of lags. Changing one these factors could 

imply different results. In addition, there could be a third variable that was not identified in 

this study that could connect inventory levels and wheat prices. It would therefore be 

dangerous to dismiss the causal relationship between wheat prices and inventories and thus 

disregard supply and demand shocks. The strong negative regression relationship between 

wheat prices and inventories will be of even more importance in the future, as supply and 

demand shocks are likely to occur in more severity and frequency. The biggest factors 

underlying this claim are the rise of developing to middle-income countries with severe 

changes in people‟s diets (demand shock) and climate change, making the world a warmer 

place with a higher frequency in weather related disasters (supply shock). 

In summary, the results in this study provide evidence on a significant inverse 

relationship between wheat inventory and the wheat price but causality between the variables 

could not be proven empirically. Therefore, further research is recommended to determine the 

causality. 

3.5.2 US Dollar 

The extent and direction of the relationship between the US Dollar and wheat prices 

has been a matter of debate for some time. It is reasonable to question whether the value of a 

single currency against other major currencies can have an impact on the wheat price. After 

all, wheat is traded all over the world in different markets with different denominations. The 

results in this study are somewhat mixed, yet there is an indication that the US Dollar has a 

role that should not be neglected. Unfortunately the results in the monthly regression model 

fail to show any acceptable level of significance. Likewise, the Granger causality test rejects 

that the US Dollar Granger causes wheat prices in the monthly model. As a result, hypothesis 
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2a needs to be rejected. However, the weekly regression model that tests data between 2006 

and 2011 shows a highly significant inverse relationship between the US Dollar and wheat 

price. In fact, the    of just below     indicates that the US Dollar has a relatively large 

explanatory power to the variance in wheat prices. Therefore, hypothesis 2b can be accepted. 

Furthermore, using the weekly data, it can be empirically proven that the US Dollar 

significantly Granger causes the wheat price. These results suggest that a change in the US 

Dollar value today will have an inverse impact on the change in wheat prices in two weeks 

time. These findings that the US Dollar value has a leading inverse relationship to wheat 

prices add to the existing empirical evidence that has recognized a similar direction (Torero 

& von Braun, 2010; Defra, 2010; Abbott et al., 2009). Interestingly, the confirmation that the 

US Dollar Granger causes wheat prices substantiate prior findings of the role of the US 

Dollar as a predicting factor for commodity prices (Gospodinov and Ng, 2010; Chen et al., 

2010). Thus, although one cannot argue that the US Dollar value determines a major share of 

the variance in the wheat price, it seems reasonable to argue for a rather strong leading 

relationship. 

The question is what implications these findings yield. Assuming that the results are 

true and that change in the exchange rate may help predicting the price fluctuations in wheat 

price have consequences for various actors. Producer, traders, buyers, and other actors along 

the wheat supply chain can use this knowledge to appropriately hedge against large price 

fluctuations. That is, looking at changes in the US Dollar value today will considerably 

improve their ability to predict future wheat price changes and can thus increase profitability 

and the ability to mitigate risks. Furthermore, this empirical confirmation of the causal link 

between the US Dollar value and wheat prices may be of interest to policy makers. The 

understanding and confirmation of one of the causes for increasing prices in wheat enables 

policy makers to take appropriate actions and focus on actual drivers. For instance, it should 

be highly prioritized to minimize the volatility of the US Dollar, as this would reduce a 

portion of the fluctuations in wheat prices. This is naturally not an easy task but the 

knowledge of the interconnectedness may help initiate appropriate policies. Another line of 

action could be to reduce the exposure to the US Dollar by fostering and promoting trade of 

wheat denominated in different currencies. That is, it could be advisable to encourage market 

participants to use different grain exchanges around the globe for their trading activities. 
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Lastly, given the strength of the US Dollar to impact wheat prices, the role of the 

players influencing the US Dollar value has to be discussed as well. The two main actors are 

the Federal Reserve and currency traders. While the Federal Reserve decides on the money 

supply of US Dollars and thus ultimately decides on the inflation, currency traders determine 

the market value of the US Dollar against other currencies. It is beyond the scope of this 

thesis to give recommendations to these actors, partly because it has not been empirically or 

logically determined what actions are required to stabilize wheat prices given the influence of 

US Dollar. However, a recommendation is that actors, who influence the US Dollar need to 

be aware that their actions have far-reaching implications that go beyond the currency‟s 

value. 

While this study contributes to clarifying the relationship between shifts in the US 

Dollar value and changes in wheat price, uncertainty around some key issues remains. 

Indeed, the factors causing US Dollar fluctuations are many and the interconnection in 

financial markets complicates it even further. It has been mentioned that the Fed and currency 

traders impact the US Dollar value. However, the results of the Granger causality test using 

weekly data indicate that there is also a significant causal relationship between the oil price 

and the US Dollar value, with changes in the oil prices causing changes in the US Dollar 

value. Naylor and Falcon (2010) have similarly found that there is a strong connection among 

grain and oil and the US Dollar but stressed the difficulty of determining the causality. The 

results provided in this study are not sufficient to completely clarify the relationship and 

hence it is recommended that further investigation examine the US dollar movement in 

relation to a group of important commodities. 

Lastly, it needs to be shortly discussed, why a significant regression relationship could 

be determined using the weekly, but not the monthly data. The reasons can be manifold, but 

they are all attributable to the arbitrary choice of the time period. While there are a number of 

reasons underlying the selection of the periods for the monthly and the weekly analyses, the 

choices have arguable been made arbitrarily. 

For instance, during the 10-year period from 1991 to 2001, the wheat price remained 

rather stable. While one bushel cost       in mid-1991, it cost       in mid-2001. At the 

same time, however, the US Dollar gained almost 20% in value against the other major 

currency. Consequently, this 10-year trend – i.e. a period that is half as long as the overall 

data set – contradicts the original hypothesis that the US Dollar value has an inverse 
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relationship with the wheat price. Naturally, no significant negative relationship can be 

computed. Not even the negative relationship that persists for the subsequent 10 years – the 

wheat price increases from       to        while the US Dollar declines by     - can make 

up for that trend. The shorter time period from mid-2006 to 2011 for which weekly data was 

available, sees a steady decrease of the US Dollar of     , while the wheat price more than 

doubles. 

It is obvious that the appropriate selection of time horizons is a main contributing 

factor to rejecting or accepting the hypotheses. Nonetheless, it is important to study time 

periods that one deems representative going forward and not periods that are most likely to 

result in accepting the hypotheses. 

3.5.3 Oil Price 

To summarize shortly, the monthly oil price has been found to have a positive, 

significant relationship with monthly wheat futures prices. This positive significant 

relationship was confirmed using weekly data. 

Generally, as has already been explained in the literature review, the oil price 

influences wheat prices in that it is a major input into agricultural production in the developed 

world and that translates into higher processing and transportation costs. Looking at the oil 

price over the last 20 years, this positive, significant relationship comes as no surprise. 

Today, crude oil costs about five times as much as it did 20 years ago. Having confirmed that 

there is a positive relationship between the oil price and the wheat price, what could be some 

of the implications? 

Anyone who denies the influence of factors other than supply and demand on the 

wheat price needs to reflect on the fact that in the 21
st
 century there is virtually no sector in 

the economy that is not to some degree dependent on oil. This finding is not limited to the 

primary sector, but can easily be extended to the secondary and tertiary sector of an economy. 

One has to ask oneself how it has been possible to raise the wheat yield from about 17 

bushels per acre just after WWII to almost 50 bushels today (USDA, 2011a). This 

development has been permitted by three processes, all of which are heavily dependent on 

oil: (1) the excessive use of fertilizers, (2) the industrialization of agriculture with ever bigger 

machines and ever more steps in the agricultural value chain being mechanized, and (3) the 

opening of global food markets, with more oil needed to ship the goods. While this can be 

regarded as a positive development – after all thanks to these changes farmers today are able 
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to feed more people than they have ever before – one needs to be cautious as well. The 

impact of the oil price in the regression models is not trivial. All other factors held constant in 

the weekly model, the wheat price increases by 1.4 units for each unit increase in the oil 

price. Knowing this, oil producing countries are given yet another tool to exert pressure on 

countries depending on oil imports. 

What can be done to protect wheat prices from its direct exposure to the oil price? 

Since it cannot be expected that oil producing countries will continue to share their reserves 

with the world once oil resources become scarce, the agricultural industry‟s dependency on 

oil has to be reduced. Conventional fertilizers need to be replaced by organic, renewable 

substances, such as manure. This would not just reduce the amount of energy used in the 

production process, but also the amount of oil needed to ship the fertilizer around the globe. 

Second, to further reduce the dependency on oil, machinery and mechanized processes in the 

production chain of wheat need to be replaced by such machines that run with renewable 

resources. While this is of course not feasible for small farmers in developing countries that 

depend on the wheat as their own food, big, industrialized farming corporations are capable 

of initiating such a process. Lastly, transporting wheat across the globe is beneficial to many 

people in regions where weather conditions are harsh and self-sufficiency in terms of wheat 

production cannot be guaranteed and should therefore not be curbed. However, what can be 

changed and what is already happening to a large extent is improving the fuel-efficiency of 

transportation devices, such as vessels and trucks. 

While it was shown that there is a positive relationship between the oil price and the 

wheat price, the causing factor in this relationship could not be determined using the Granger 

tests. The test results were insignificant at high levels, both using the monthly and the weekly 

data. This does not, however, mean that the oil price does not cause the wheat price to rise or 

fall. What it means is that based on the data sets, it cannot be concluded at a statistically 

significant level that an upward (downward) movement in the oil price consistently precedes 

and upward (downward) movement in the wheat price by two periods. While a two period lag 

had been determined to be the optimal lag number for the overall model, it might not be for 

uncovering a causal relationship between the oil price and the wheat price. Indeed, increasing 

the number of lags for the Granger causality test to 11 weeks results in a rejection of the null 

hypothesis that the oil price does not Granger cause the wheat price. This could be for the 

reason that it takes a while for the oil price to work its way up the agricultural supply chain. 

Unlike financial goods or any information that is immediately available to the market, today‟s 



Empirical Analysis  69 

oil price might not impact the wheat price immediately, but only in a few weeks‟ time. Only 

when the farmers harvest their fields and sell the wheat on the market does it become 

apparent whether or not they suffered from higher input prices. 

3.5.4 Speculation 

In In both the regression analyses, speculation has been shown to positively affect 

wheat prices at a high significance level. That is, using either weekly or monthly data, wheat 

prices tend to go up as the different measures of speculation point to more speculative 

activity in the wheat market. This piece of information is enough for many politicians and 

representatives of various interest groups to jump to the conclusion that speculation causes 

wheat prices to rise and therefore needs to be curbed. This is what Nicolas Sarkozy did, when 

presenting his G20 agenda and expressing the wish to impose tougher regulations on 

financial markets. However, this conclusion is wrong. It has been mentioned many times 

before but it needs to be stressed nonetheless: a regression relationship is not equal to a causal 

relationship. 

When looking at the results of the Granger causality tests, a different conclusion can 

be drawn. The Granger test using monthly data indicates that the wheat price Granger causes 

the level of speculation. Remembering that speculation in the monthly model was defined as 

“the number of non-commercial traders long in CBOT wheat futures”, one can now conclude 

that a rising wheat futures price causes the number of non-commercial traders (“speculators”) 

in the market to increase with a two-month lag and a falling wheat price decreases the 

number of non-commercial traders in the market. A feedback relationship is not found. In 

other words, the fact that more speculative traders have entered the market, does not in itself 

imply that the wheat price increases further. Therefore, while the regression relationship 

between wheat prices and speculation might exhibit a positive sign and result in hypotheses 

4a and 4b being accepted, the causal relationship is in the exact opposite direction than 

expected. 

What can be underlying reasons for the wheat price to cause the number of non-

commercial traders to fluctuate? It is imaginable that as wheat prices go up, speculators are 

attracted by the prospects of high returns in the market and invest in wheat futures contracts. 

The entry of speculators occurs with a lag of at least one month. In theory, this lagged entry 

of speculators contradicts the market efficiency theory that states that market participants 

react immediately to new information. In reality, some market participants might enter the 
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market right at the time when wheat prices start to rise, however, most actors will follow suit 

during the course of the next days. The monthly data, for which Granger causality has been 

proven, will only capture these new entrants at the next observation, i.e. one month after the 

wheat price has increased. This could explain the lag. 

As mentioned earlier, this data set does not imply a feedback relationship. That is, the 

wheat price does not increase further or any faster than it would without the emergence of 

these new speculators. The same argument holds for the other direction. When wheat prices 

drop, speculators take their profits and leave the market. 

This is a very important finding. Not only does it invalidate many of the loudest voices 

in the debate about the role of speculators in commodity markets, it also holds central 

implications for policy makers. As a result of this study, serious attempts at lowering the 

wheat price should not look at speculators and financial markets as scapegoats for something 

that is to a much larger extent driven by supply and demand (inventories) and the cost of the 

inputs. 

3.5.5 Future Outlook 

Based on the findings some cautious predictions about the wheat price can be made. 

Looking at the factors that have been determined as drivers in the empirical analysis, the 

wheat price is most likely to go up. Specifically the oil price will most likely not pause its 

strong upward trend as the resource will not become any less scarce in the future. 

Additionally, with the recent political upheavals in the Arab world, that is likely to spread to 

even more oil producing countries and in turn have an effect on the oil price. Also oil 

producing countries have frequently limited the supply of oil to put pressure on other 

governments. All these combined will seriously contribute to further oil price increases which 

in turn mean upward pressure on the wheat price. Furthermore, the US dollar is most likely to 

depreciate even further in the near future. Due to continued quantitative easing, with the Fed 

announcing to buy $600 billion worth of treasury securities, the US dollar is under strong 

downward pressure and will likely continue to lose grounds compared to other currencies 

(Censky, 2010). On top of that, international trade that is denominated in other currencies 

than in US dollar is increasing. For instance, while the Chinese Yuan is underrepresented in 

global trade today, China aims at conducting about $2 trillion worth of trade in their own 

currency by 2015 (Hutchens, 2011). This will further contribute to the US dollar losing 

importance on an international scale and thus further decrease its value. Inventories changes 
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are difficult to predict. However, we see no reason why it would deviate to a large extent 

from its current level. Combining these predictions, the wheat price can only increase in the 

near future. This in turn will cause speculation to rise. However, the effect speculation would 

have on wheat price is limited according to the findings in this study. Given this outlook, it is 

now up to policy makers to ensure that the production and trading of wheat reduce its 

dependence on US dollar and oil.  
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4. Conclusion 

The purpose of this study is to identify drivers of wheat prices and the implications 

thereof. In an extensive literature review it has become apparent that there are a wide range of 

factors that seem to impact the wheat price. However, the existing literature finds mixed 

results and sometimes fails to provide empirical evidence. Thus, the aim has been to close the 

gap between what is commonly assumed and what actually can be empirically supported. 

Two econometric models were employed to test the influence of the variables on the wheat 

price. To determine the direction of the relationship a regression analysis was conducted. In a 

second step, a Granger causality test was performed to further investigate the existence of a 

causal relationship and, if a causal relationship was found, provide evidence as to which 

variable was leading and which was lagging. A number of obstacles had to be overcome in 

the numerical analysis. Using time series data, multicollinearity, autocorrelation, and 

heteroscedasticity were issues that needed to be accounted for and dealt with. Transformation 

of the data stationarized all variables and thus made it possible to execute the regression and 

Granger causality analysis. 

Global wheat inventory, US dollar, oil price and two different measures of speculation 

were used as variables. Two different time periods were defined. The period from April 1991 

to December 2010 was tested using monthly data and the period June 2006 to December 

2010 was tested using weekly data, excluding the variable for global wheat inventory for the 

weekly data set. The results from the regression analysis showed that global wheat inventory 

has a significant inverse relationship with the wheat price. However, Granger causality could 

not be empirically proven. The US dollar showed no significant relationship with the wheat 

price using monthly data, which was also shown to be insignificant in the Granger causality 

test. Yet, in the weekly model a significant negative relationship was established in the 

regression analysis. It was found that this discrepancy between the frequencies of data arises 

due to the different market conditions in the two time periods. The causality test based on 

weekly data indicated that the US dollar Granger causes wheat price when lagged two 

periods. The oil price had a significant positive relationship with wheat prices, both for the 

monthly and weekly data. The Granger causality test, however, does not show causality. 

Although no Granger causality was proven for either dataset, it is possible that oil has a 

longer lagged causal relationship with wheat prices. In today‟s markets, oil plays a role in the 

price determination of many products. Lastly, speculation showed a positive significant 
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relationship in both models. Instead of the expected result, a causal relationship with wheat 

price, not speculation, as the leading indicator was found. Possible reasons for this include 

rising wheat prices attracting new players to the market who want to benefit from anticipated 

price spikes. However, there is no consensus on how speculation is defined. The results are 

certainly dependent on the researchers‟ definition of speculation. 

Going forward, this study can serve as a starting point for more in depth analyses. In 

particular, some issues are recommended for future research. First, the research body on 

drivers of commodity prices in general and wheat prices in particular needs to agree on a 

measure for speculation. With speculation being the most commonly cited driver of wheat 

prices without substantial empirical evidence, it would be beneficial to accept or reject 

speculation as price driver once and for all. For example, policy makers can contribute to that 

process by requiring market participants to declare their trading intentions. Second, this study 

used a limited number of variables that were deemed to be of importance especially for 

wheat. With the regression analysis failing to explain a substantial amount of the variance in 

wheat price, alternative variables need to be tested. Such variables could include weather 

conditions, political environment, or emerging market dietary changes, though one must note 

difficulties arise on how to measure these appropriately. Third, the time periods may have 

had an effect on the results and it is therefore suggested that different time periods be 

analyzed. Specifically, it is recommended that even longer time periods be examined, though 

data availability would pose a serious problem. 
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Appendices 

1. Durbin-Watson test results 

Monthly data 

 

2. Dickey Fuller test results 

Differenced monthly wheat price 

 

3. Regression results oil and dollar 

 

                                                    
     2.0721          -7.8e+14            7.8e+14
                                                    
       dw            Prob < dw          Prob > dw
                                                    
Durbin-Watson test with normal p value

MacKinnon approximate p-value for Z(t) = 0.0000
                                                                              
 Z(t)            -13.989            -3.465            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       235

                                                                              
       _cons     .0684436   .2377243     0.29   0.774    -.3998995    .5367867
        fusd    -1.333507   .2468169    -5.40   0.000    -1.819764   -.8472508
                                                                              
        foil        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]
                                                                              

       Total    3534.01046   236  14.9746206           Root MSE      =  3.6574
                                                       Adj R-squared =  0.1067
    Residual    3143.53689   235  13.3767527           R-squared     =  0.1105
       Model    390.473571     1  390.473571           Prob > F      =  0.0000
                                                       F(  1,   235) =   29.19
      Source         SS       df       MS              Number of obs =     237

. regress  foil fusd

                                                                              
       _cons    -.0246665   .0592457    -0.42   0.678     -.141387     .092054
        foil    -.0828568   .0153359    -5.40   0.000    -.1130702   -.0526435
                                                                              
        fusd        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]
                                                                              

       Total    219.584059   236  .930440928           Root MSE      =  .91168
                                                       Adj R-squared =  0.1067
    Residual    195.322169   235  .831158168           R-squared     =  0.1105
       Model    24.2618896     1  24.2618896           Prob > F      =  0.0000
                                                       F(  1,   235) =   29.19
      Source         SS       df       MS              Number of obs =     237

. regress  fusd foil
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4. Monthly Regression Results - Non-differenced data 

 1 2 3 4 5 6 7 8 
  

Inventory US Dollar Oil Speculation USD+Oil 

USD  
+Oil 
+Speculation 

Inventory 
+USD  
+ Oil 

Inventory  
+USD 
+Oil 
+Speculation 

Inventory -0,003**      -0,0005 -0,0006* 
 (0.0003)      (0,0003) (0,0003) 
         
US Dollar  -11.34**   -6,09** -6,99** -5,22** -6,07** 
  (0,72)   (0,86) (0,97) (1,01) (1,07) 
         
Oil   4,46**  2,88** 2,18** 2,88** 2,08** 
   (0,26)  (0,33) (0,48) (0,32) (0,48) 
         
Speculation    2,39**  0,63**  0,73* 
    (0,31)  (0,32)  (0,32) 
         
_cons 927.34** 1411.38** 237,22** 233,75** 837,81** 899,58** 846,85** 920,78** 
 (58.70) (64,27)** (11.68) (23,83) (85,53) (90,53) (85,41) (90,58) 
N 237 237 237 237 237 237 237 237 
R2 0,259 0,515 0,559 0,199 0,637 0,643 0,641 0,649 
adj. R2 0,255 0,513 0,557 0,195 0,634 0,638 0,636 0,643 
Significance F ** ** ** ** ** ** ** ** 

Standard errors in parentheses       
* p<.05, ** p<.01          

 

The wheat price and the response regression of the full model (model 8). 
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5. Weekly Regression Results - Non-differenced data 

     

 1 2 3 4 

 US Dollar Oil Speculation 
US dollar +Oil+ 

Speculation 

US Dollar -28,52**   -11,64** 

 (2,09)   (3,26) 

     

Oil  -5,81**  3,03** 

  (1,12)  ('0,62) 

     

Speculation   2657,80** 1367,52** 

   (307,39) (263,91) 

     

_cons 2809,82** 816,72** -1802,15** 35,76 

 (160,92) (73,23) 279,52 (413,83) 

N 238 238 238 238 

R2 0,442 0,499 0,241 0,543 

adj. R2 0,439 0,481 0,237 0,537 

Significance 
F 

** ** ** ** 

Standard errors in 
parentheses 

  

* p<.05, ** p<.01    

 

6. Dickey Fuller test: Autocorrelation 

Before data was modified: 

Variable Dickey Fuller test result 

Wheat price (monthly) 

 

Wheat price (weekly) 

 

MacKinnon approximate p-value for Z(t) = 0.5955
                                                                              
 Z(t)             -1.372            -3.465            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       236

MacKinnon approximate p-value for Z(t) = 0.3657
                                                                              
 Z(t)             -1.830            -3.464            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       237
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Wheat Inventories 

(monthly) 

 

US Dollar Value 

(monthly) 

 

US Dollar Value (weekly) 

 

Oil Price (monthly) 

 

Oil Price (weekly) 

 

Speculation (monthly) 

 

Speculation (weekly) 

 

 

After data was modified: 

MacKinnon approximate p-value for Z(t) = 0.9136
                                                                              
 Z(t)             -0.379            -3.465            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       236

MacKinnon approximate p-value for Z(t) = 0.8594
                                                                              
 Z(t)             -0.650            -3.465            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       236

MacKinnon approximate p-value for Z(t) = 0.3217
                                                                              
 Z(t)             -1.922            -3.464            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       237

MacKinnon approximate p-value for Z(t) = 0.8391
                                                                              
 Z(t)             -0.729            -3.465            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       236

MacKinnon approximate p-value for Z(t) = 0.5972
                                                                              
 Z(t)             -1.369            -3.464            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       237

MacKinnon approximate p-value for Z(t) = 0.1505
                                                                              
 Z(t)             -2.370            -3.465            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       236

MacKinnon approximate p-value for Z(t) = 0.1678
                                                                              
 Z(t)             -2.313            -3.464            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       237
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Variable Dickey Fuller test result 

Wheat price (monthly) 

 

Wheat price (weekly) 

 

Wheat Inventories 

(monthly) 

 

US Dollar Value 

(monthly) 

 

US Dollar Value (weekly) 

 

Oil Price (monthly) 

 

Oil Price (weekly) 

 

MacKinnon approximate p-value for Z(t) = 0.0000
                                                                              
 Z(t)            -13.989            -3.465            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       235

MacKinnon approximate p-value for Z(t) = 0.0000
                                                                              
 Z(t)            -15.784            -3.465            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       236

MacKinnon approximate p-value for Z(t) = 0.0236
                                                                              
 Z(t)             -3.142            -3.466            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       233

MacKinnon approximate p-value for Z(t) = 0.0000
                                                                              
 Z(t)            -10.600            -3.465            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       235

MacKinnon approximate p-value for Z(t) = 0.0000
                                                                              
 Z(t)            -15.303            -3.465            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       236

MacKinnon approximate p-value for Z(t) = 0.0000
                                                                              
 Z(t)            -12.691            -3.465            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       235

MacKinnon approximate p-value for Z(t) = 0.0000
                                                                              
 Z(t)            -13.598            -3.465            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       236
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Speculation (monthly) 

 

Speculation (weekly) 

 

 

MacKinnon approximate p-value for Z(t) = 0.0000
                                                                              
 Z(t)            -17.814            -3.465            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       235

MacKinnon approximate p-value for Z(t) = 0.0000
                                                                              
 Z(t)            -16.811            -3.465            -2.881            -2.571
                                                                              
               Statistic           Value             Value             Value
                  Test         1% Critical       5% Critical      10% Critical
                                          Interpolated Dickey-Fuller          

Dickey-Fuller test for unit root                   Number of obs   =       236
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