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In this paper, we investigate the determinants of price volatility for six major food commodities from January 2001 to March 2013. In the recent literature, real economic activity, biofuel production, oil prices and financial markets indicators are commonly considered to be the main drivers of price volatility. We identify and analyse the relationships between these macroeconomic and financial factors and our commodities within a Bayesian multivariate framework. Then we assess the effect of each factor on food volatility in the recent period. We show that, although results depend on food commodities, they are consistent with those available in the latest studies. In other words, the two most recent surges in food prices do not significantly change the dynamics of these prices. We have also performed an analysis of the effects of certain shocks on food commodity markets. These exercises do not reveal the existence of coherent groups of food commodities.

Introduction

There is a growing body of literature that seeks to identify the channels through which changes in volatility affect the real economy [START_REF] Bloom | The Impact of Uncertainty Shocks[END_REF]. For instance, Fernandez-Villaverde et al. (2011a, b) use a structural model to suggest one channel through which changes in real interest rate volatility or a fiscal volatility shock can affect open economies. At least for major industrialised countries, It is also well-documented, that the volatility of monetary policy shocks and that of supply and demand shocks fluctuate. These findings raise questions over the effects of the volatility of other macroeconomic factors, and especially the effects of food price volatility on global and local economies.

The increase in nominal food prices and its inflationary consequences have mainly penalised poor populations, notably in developing countries. These populations derive a large proportion of their income from trade in basic food products [START_REF] Hernandez | Beyond the Numbers: How Urban Households in Central America Responded to the Recent Global Crises[END_REF]. As a result, food security and food price stability have become major concerns for most governments throughout the world.

The recent unanticipated shocks on commodity markets have revived interest in the dynamics of commodity prices, and especially in that of food commodities. Indeed, the large peaks in international food prices observed between 2007 and 2008 and from 2010 to 2011 were unexpected for most observers. One of the consequences of the recent behaviour of commodity markets was to incite the G20 and the BRICS to address these issues at their 2011 annual meetings [START_REF] Gilbert | How to Understand High Food Prices[END_REF]. Note that the impact of volatility in certain macroeconomic factors on economic activity could be examined via an extended version of the SVAR model. Indeed, it is possible to combine a SVAR model with a stochastic volatility model which enables the introduction of time-varying variances. By imposing a dynamic interaction between the endogenous variables of the SVAR and the time-varying variances, it is possible to directly assess the effects of volatility on some aggregates [START_REF] Mumtaz | The International Transmission of Volatility Shocks: An empirical Analysis[END_REF][START_REF] Lemoine | The Growth-Volatility Relationship: New Evidence Based on Stochastic Volatility in Means Models[END_REF].

In general, fundamental factors such as market conditions or climatic events are usually considered to be the key explanatory variables of food price changes. However, the recent macroeconomic and financial turmoil has prompted the emergence of new studies which have tested different determinants of food price volatility [START_REF] Cooke | Recent Food Price Movements: A Time Series Analysis[END_REF][START_REF] Gilbert | How to Understand High Food Prices[END_REF][START_REF] Roache | What Explains the Rise in Food Price Volatility? IMF[END_REF][START_REF] Tadese | Drivers and Triggers of International Food Price Spikes and Volatility[END_REF].

To be more precise, let us list some of the usual explanatory factors cited for food price volatility: Production indicator, especially in emerging countries (China and India). For example, [START_REF] Gilbert | How to Understand High Food Prices[END_REF] stresses that strong economic growth in these countries has a significant impact on food price volatility. Moreover, sharp positive changes in the output of these countries have led to shifts in dietary patterns towards meat and dairy products. One of the consequences of this has been an increase in demand for grains [START_REF] Von Braun | Increasing and More Volatile Food Prices and the Consumer[END_REF]; Demand indicator for biofuels [START_REF] Abbot | What's Driving Food Prices[END_REF][START_REF] Mitchell | A Note on Rising Food Prices[END_REF][START_REF] Chakravorty | Do Biofuel Mandates Raise Food Prices? IDEI[END_REF]; Exchange rates. Shocks to the price of financial assets, and especially to currencies, can affect the income of food commodity producers. The recent depreciation of the US dollar (USD) is a good illustration of this [START_REF] Abbot | What's Driving Food Prices[END_REF]; Oil prices. Fluctuations in oil prices can lead directly to variations in food prices (Alhalith, 2010), and can also influence the dynamics of food prices via biofuel prices [START_REF] Busse | Interdependencies Between Fossil Fuel and Renewable Energy Markets: The German Biodiesel Market[END_REF]. In addition, there can exist volatility spillovers between the oil and food commodity markets [START_REF] Nazlioglu | Volatility Spillover between Oil and Agricultural Commodity Markets[END_REF][START_REF] Du | Speculation and Volatility Spillover in the Crude Oil and Agricultural Commodity Markets: A Bayesian Analysis[END_REF]; Speculation on commodity futures markets. [START_REF] Robles | When Speculation Matters[END_REF], [START_REF] Gilbert | How to Understand High Food Prices[END_REF] and [START_REF] Shi | An Application of Models of Speculative Behaviour to Oil Prices[END_REF] all investigate this factor. However, its effect is more or less ambiguous [START_REF] Wright | The Economics of Grain Price Volatility[END_REF]; Trade restrictions [START_REF] Headey | Rethinking the Global Food Crisis: The Role of Trade Shocks[END_REF][START_REF] Martin | Export Restrictions and Price Insulation During Commodity Price Booms[END_REF]. These effects are not easy to identify or to assess; they can also generate an iterative process that causes feedback effects. For instance, a drought in Russia or a bad monsoon in India may increase food prices through fundamental market forces, and this can in turn be reinforced by financial speculation or trade restrictions.

As a result, we have chosen to implement a multivariate framework which allows us to take these feedback effects into account in the empirical model.

The remainder of this paper is organised as follows. Section 2 provides a general overview of volatility and the recent developments in food commodity markets. Section 3 describes the model and provides the comments on the empirical results. Section 4 discusses some of the policy implications of food commodity volatility. Section 5 concludes.

Recent developments in food commodity markets

The commodities under review

The price of most food commodities almost doubled between 2006 and July 2008. Indeed, all the synthetic indicators (see Figure 1B) show a sharp increase in the food price index over this period. For example, the CRB foodstuff spot index rose by around 50% in 2007-2008. A similar pattern can be seen between mid-2010 and December 2011. Thus, from 2007 to August 2011, almost all food commodity prices doubled (see Table 1). On an individual level, however, (i.e. when we scrutinize the different components of the synthetic indicators), some discrepancies appear between the two periods. For instance, rice was the most expensive grain during the phases of huge expansion from 2006 to 2008, but exhibited a lower price than most grains in 2011. Symmetrically, the price of sugar was significantly lower than its historical average during the first episode, but reached an all-time high in 2011. In addition, since September 2011, prices have remained high, but some (cocoa, coffee, and sugar prices) have decreased while others have continued to increase. The trends in food commodity prices obtained by the application of the Hodrick Prescott filter confirm these results (see Figure 1A).

Table 1. Food commodity prices*

we have decided to include it in our set of variables as the income of some developing countries, especially in Africa (Ivory Coast, Ghana, Nigeria, etc.), is heavily dependent on cocoa exports.

Figure 1A. Food price trends

Sources: Datastream and authors' calculations.

Grains are a major food staple, especially in developing countries. They also play a key role in the global food market (see Table 2). In addition, they serve as animal feed and are even used as a currency in some regions. We study the following grains: (i) wheat, which is the most important grain produced and consumed in temperate regions; (ii) corn, which is cultivated in temperate and tropical regions, is the key basic food in eastern and southern Africa and also serves to produce biofuels, and (iii) soybeans, which are cultivated in many regions around the globe and are used to produce oil and cattle feed. We excluded rice from our framework, even though it is the staple food in Asia, Central and West Africa and the Caribbean. Rice consumption and production are very different from those of other grains and food commodities, in that the major producers are also the largest consumers. Shocks in the rice markets also have a low correlation with those in other grains markets, and the main Asian rice producers (India and China) can stabilise rice prices for consumers through trade restrictions and stockpiling policies [START_REF] Timmer | Management of Rice Reserve Stocks in Asia: Analytical Issues and Country Experience[END_REF]. This type of procedure is harder to set up in other food commodity markets. Thus, the movement of rice prices is almost unrelated to changes in the prices of other grains. Furthermore, derivatives markets for rice are not sufficiently liquid or developed [START_REF] Gilbert | Food Price Volatility[END_REF].

Table 2. Main actors in the global food commodity markets

For global macroeconomic factors, we use monthly global GDP. As emerging economies seem to have a strong influence on food price volatility, we decided to disentangle the GDP of emerging economies from that of the rest of the world. This allows us to examine the effect on food volatility of GDP growth in advanced countries and of GDP growth in emerging countries (as quoted by the IMF). Moreover, global GDP can be replaced with the US Industrial Production Index (IPI) in the analysis. The Merrill Lynch Biofuels spot price index acts as a global indicator of market conditions for biofuels. Oil prices are introduced into our analysis through monthly spot prices for both WTI and Brent crude oil.

First-order log-differences are sufficient to remove any unit root in the series. Descriptive statistics of the dataset are reported in Appendix 1.

Volatility measurement

Volatility plays a key role in finance and economics. As a result, we have noted explosive growth in the number of methodological and empirical studies of volatility dynamics. Recent research has focused on finding ways to improve the measurement and understanding of volatility (Todorov et al., 2014). There are several options available for measuring food price volatility: standard dispersion indicators can be used (e.g. standard deviation (SD), the inter-quartile ratio (IQR), the rolling mean absolute deviation (MAD), etc.); alternatively, it is also possible to derive a volatility indicator from a GARCH or stochastic volatility framework or from nonparametric statistics based on high-frequency option data. In this paper, we focus on standard dispersion measures. We compute these measures on a 6-month rolling basis for our food commodities. Three-month and 12-month rolling measures are also performed for consistency purposes. Figure 2 and Table 3 show that all three measures display similar patterns for each commodity, and that the correlations are relatively high. In particular, Kendall's tau and Spearman's rho indicate a high degree of concordance in the dispersion measure for each food price. We also observe that volatility peaks are not simultaneous inside the set of food commodities and that not all were more volatile during the 2007-2008 and 2010-2011 prices surges. In addition, whatever the measure of food price volatility, the indicator of dispersion is always time varying. For example, the correlation between SD and IQR is strongly time-dependent while that between SD and MAD is almost stable. Volatility clearly follows an upward trend from 2007 to 2009 or 2010, but has been stable or decreasing since 2011 (Figure 3). 

The main determinants of food price volatility

The model

We use a dynamic multivariate framework to investigate the links between the volatility of certain food prices and their main determinants. To do this, we implement a type of multivariate model from the vector autoregressive (VAR) literature (Sims, 1980).

Thus, if y represents the 1 vector of the endogenous variables, the model is an order autoregressive representation of the vector y. In this paper it has the form L y

c+ε for t=1, …, T, (1) 
Where is the sample size, L is a polynomial matrix in the lag operator L of order and a vector of error terms i.i.d. 0 , Σ . The likelihood function can be derived from the sampling density ℙr y| , Σ , where . However, we face an identification problem in this framework due to the values of M and p. This can be overcome by making artificially strong assumptions to reduce the number of parameters, or finding some appropriate theoretical reasons which could allow us to reduce this number. The theoreticalbased reduction of the number of parameters leads to the structural vector autoregressive (SVAR) model. The use of the SVAR model can be justified if one knows the underlying theory. In other words, the representation of the state of the economic theory requires a high degree of uncertainty.

An alternative solution is provided by the Bayesian vector autoregressive (BVAR) model [START_REF] Litterman | Forecasting with Bayesian Vector Autoregressions: Five Years of Experience[END_REF]. This approach allows us to introduce Bayesian prior information into the VAR framework. Indeed, according to [START_REF] Litterman | Forecasting with Bayesian Vector Autoregressions: Five Years of Experience[END_REF] or [START_REF] Sims | Bayesian Methods For Dynamic Multivariate Models[END_REF] for example, the BVAR does not require judgmental adjustments and it generates a complete multivariate probability distribution for outcomes. To understand and forecast the endogenous variables, it is worth noting that the BVAR approach is based on the view that information about the future can be found across a wide spectrum of economic data. In addition, it is now common knowledge that a BVAR model can be used for forecasts, IFR analysis and a structural analysis [START_REF] Banbura | Large Bayesian Vector Auto Regressions[END_REF]. We propose estimating a BVAR model to identify the main determinants of food price volatility.

To do this, we need to define prior distributions for the parameters and draw posterior distributions within a Bayesian approach.

To estimate the vector of parameters in the previous equations, we need to set prior distributions for the unknown parameters i.e. both and Σ. According to Kadiyala and Karlsson (1997) or [START_REF] Sims | Bayesian Methods For Dynamic Multivariate Models[END_REF], there are many prior distributions with different characteristics, one of which is Litterman's prior distribution, also referred to as the Minnesota prior distribution. This was one of the first methods used for estimating BVAR models and is still frequently used. Although Kadiyala and Karlsson (1997) have found that there are other prior distributions which are preferable, we essentially focus on the Minnesota prior distribution in this version of our paper.1 This is because the Minnesota prior is simple to implement. Moreover, we do not perform forecasts in this paper. Indeed, the performance of the Minnesota prior can be questionable if forecasts are made.

A brief overview of Minnesota prior distributions

We can refer to [START_REF] Litterman | Forecasting with Bayesian Vector Autoregressions: Five Years of Experience[END_REF], Kadiyala and Karlsson (1997), [START_REF] Sims | Bayesian Methods For Dynamic Multivariate Models[END_REF] or Del [START_REF] Negro | Bayesian Macroeconometrics[END_REF] for more detailed presentations of Litterman prior distributions. As is common in these approaches, we replace Σ with an estimate Σ . The problem is then how to set priors for the parameter . Let:

~ ,

(2) where and define the priors for . Thus, the corresponding posterior is given by ~ , 

What lessons can we draw from the estimation of the Bayesian VAR models?

The volatilities of the different food commodities are influenced positively by their own lags and the impact of the first-order lagged volatilities is significantly greater (see Appendix 2). Price returns have a negative influence on wheat volatility. Each of the five other food prices volatilities is positively impacted by its own first lag and negatively by the second lag, except for sugar. The US IPI has a negative impact on volatility for coffee and sugar, but displays more complex dynamics for cocoa, corn, and wheat (positive effect for the first lag, then negative effect for the second lag). For soybeans, the first coefficient is negative, the second positive and the combined effect of these two coefficients is positive. Overall, the US IPI has a negative impact on food price volatility, and for soybeans (which are largely produced by the US) the impact is larger after 2 months.

The effect of biofuel prices on corn and sugar volatilities is negative. Note that these two food commodities are potential inputs of biofuel production. But biofuel prices have a positive influence on coffee and wheat price volatilities and their effect on cocoa and soybeans price volatilities seems neutral in the long run. In addition, corn and wheat volatilities are negatively linked to crude oil prices, but cocoa, soybean and sugar volatilities are positively impacted by oil prices. In the long run, coffee volatility is not correlated with oil prices. The financial markets indicator has a strong impact on food commodities, positively influencing wheat volatility but negatively influencing that of cocoa. However, its effect on the volatility of other foods is slightly ambiguous since the signs of the coefficients are not clearly identified.

The impulse response function of food price volatility to shocks to our set of variables (see Figure 4) draws the following remarks:

A shock to price returns decreases volatility for food commodities, with the exception of corn and wheat. The effect lasts for around 12 months, except in the case of cocoa, the volatility of which reverts to its initial value after 20 months;

A biofuel price shock has an overall negative effect on corn and wheat volatilities. We notice a downwards peak after 2 to 4 months, depending on the commodity, and the volatilities revert to their initial values after 16 months. Corn volatility initially increases after a biofuel prices shock, peaks upwards after 4 months and then falls after 10 months. Wheat displays a specific pattern, with volatility increasing first, peaking after 2 months then dropping after 3 months before returning to its initial value after 14 months;

An oil price shock leads to an increase in cocoa, coffee, sugar and wheat volatilities (2-3 months), followed by a decrease (downwards peak after 4-6 months). Corn voltiity follows the opposite pattern while soybean volatility decreases and peaks downwards after 4 months before reverting to its initial value. Three commodities are impacted for 12 months, while the other three experience the impact for more than 16 months;

A financial markets shock leads first to an increase in volatilities. In the case of sugar and wheat, volatilities fall below their initial values before reverting back to them. The effect lasts for around 12 months for all food commodities;

A US IPI shock has a negative impact on the volatility of corn and sugar. Cocoa and corn exhibit the largest reactions. The impact of the shock varies in duration across commodities. For example, the effect of the shock is absorbed within 12 months for coffee, corn and soybeans while it is more persistent for cocoa, sugar and wheat.

Overall, cocoa and coffee show the same features in terms of IRFs regardless of the type of shock. Soybeans, sugar and wheat display responses similar to the previous ones except for one particular shock; the oil shock response differs for soybeans, the US IPI shock differs for sugar while the biofuel price shock response differs for wheat. Corn volatility displays quite different characteristics.

It is interesting to compare our results with previous ones available in the literature (see for instance Morgan, 2010). We note that, depending on the commodity, biofuels and oil price shocks have different impacts on volatility; financial market shocks drive food volatility higher, while real economic activity drives it lower (Table 4). Our findings are consistent with the previous results. 

Price return

Uncertain [START_REF] Gilbert | How to Understand High Food Prices[END_REF][START_REF] Gilbert | Food Price Volatility[END_REF] Negative (coffee, corn, soybeans, wheat) Positive (cocoa, sugar)

Biofuel price

Positive [START_REF] Gilbert | Food Price Volatility[END_REF][START_REF] Busse | Interdependencies Between Fossil Fuel and Renewable Energy Markets: The German Biodiesel Market[END_REF] Negative (cocoa, coffee, soybeans, sugar) Positive (corn, wheat)

Oil price

Positive [START_REF] Nazlioglu | Volatility Spillover between Oil and Agricultural Commodity Markets[END_REF][START_REF] Du | Speculation and Volatility Spillover in the Crude Oil and Agricultural Commodity Markets: A Bayesian Analysis[END_REF] Negative (soybeans, sugar) Positive (cocoa, coffee, corn, wheat)

Financial markets

Positive [START_REF] Mensi | Correlations and Volatility Spillovers Across Commodity and Stock Markets: Linking Energies, Food, and Gold[END_REF]Creti et al., 2013) Positive (except for sugar)

Real activity

Uncertain [START_REF] Gilbert | Food Price Volatility[END_REF] Negative (except for corn)

Source: Authors' calculations. 

Robustness check

Introduction of alternative variables

In order to test the relevance of our specification, we run four additional models, introducing alternative measures for crude oil prices, financial markets indicators, real activity and volatility. First, we replace WTI crude oil prices with Brent crude oil prices. Second, we substitute the S&P 500 index with the MSCI World index and use global GDP instead of the US IPI. Lastly, we use IQR instead of standard deviation as a volatility measure.

Overall, the relationships remain steady, the parameters remain almost identical in the volatility equations (see Appendix 3) and the IRFs are very similar to the ones obtained in our benchmark model (see Appendices 4 to 6, 9A and 9B). However there is one notable exception, which is the response of volatility to a shock to the MSCI World index. Indeed, depending on the commodity, the volatility response to this shock is either negative or positive.

Testing for volatility spillovers

Here we test an alternative approach to look at the food price volatility by running a multivariate framework in which we only take into account the 6 different food volatilities. In this respect, our analysis goes beyond the classical approach adopted in recent studies. Indeed, the spillover analysis of food commodity price volatilities is based on a bivariate model in which each food commodity is exposed to stock market or crude oil volatility [START_REF] Du | Speculation and Volatility Spillover in the Crude Oil and Agricultural Commodity Markets: A Bayesian Analysis[END_REF][START_REF] Nazlioglu | Volatility Spillover between Oil and Agricultural Commodity Markets[END_REF][START_REF] Mensi | Correlations and Volatility Spillovers Across Commodity and Stock Markets: Linking Energies, Food, and Gold[END_REF]. We notice that:

Coffee and wheat volatilities are impacted most severely by a shock to cocoa volatility. The volatilities of corn and soybeans are driven upward, while the effect on sugar is ambiguous (see Appendices 7 and 8).

The volatility of commodities (except for soybeans and wheat) tends to increase after a shock to coffee volatility.

Cocoa and wheat volatilities decline following a corn volatility shock. Other commodities exhibit different reactions at different time horizons.

A soybean volatility shock generates a decline in volatility for cocoa and sugar. Coffee, corn and wheat react differently according to the time horizon.

The volatilities of cocoa and coffee display the strongest response to a sugar volatility shock. Grains (corn, soybeans and wheat) exhibit a very low response.

A wheat volatility shock implies decreasing volatility for corn, soybeans and sugar while the effects are fairly mixed for cocoa and coffee.

To sum up, we note that there are no clear uniform spillover effects between the food commodities under review. Hence, a multivariate framework with more information and diverse explanatory variables, similar to our benchmark framework, seems more coherent for modeling food price volatility.

What can we learn from the estimations of BVAR models based on the Normal-Wishart priors?

In order to identify and assess the sensitivity of the empirical results to the choice of prior distributions, we estimate BVAR models based on Normal-Wishart prior distributions.

An analysis of the results leads to the following observations:

For most food commodities, the estimated coefficients based on both Minnesota and Normal-Wishart are generally of the same sign. They display similar values, albeit slightly lower in the case of Normal-Wishart priors. For instance, for the coffee volatility equation, the Minnesota priorsbased estimates of the coefficients of biofuels, the S&P 500 and the coffee volatility first lag are respectively 0.06, -0.09 and 0.89; in the case of the Normal-Wishart-based estimates, these coefficients are respectively 0.02, -0.09 and 0.57. These results can be extended for the other equations;

The analysis of IRFs stemming from the Normal-Wishart-based estimations shows that the impact of food volatility shocks is not significant (0 in all confidence intervals) in most cases. Nevertheless, the responses are qualitatively similar to those drawn from the Minnesota priorsbased estimates, but of a lower magnitude. Taking these points above into account, the Minnesota priors-based estimates allow us to draw clearer results. This seems to confirm the relevance of our choice of the Minnesota priors

Policy issues

What lesson can we draw from the literature?

Research papers have been more concerned by food price levels than volatilities. However, food price volatility has major consequences on both a macro and a micro level. Its impact is greater in the case of emerging economies, while developed economies are more concerned by oil price volatility. Food price volatility can affect the current account and nominal exchange rates. These effects are statedependent and vary from one country to another. In 2011, China, the US, Brazil, India, Germany and France were major players in the global food trade in terms of absolute value. However, food trade was more important for countries such as Egypt or Senegal, where food imports accounted for more than 20% of total merchandise trade. This was also the case for Ivory Coast, Argentina or Uruguay where food exports accounted for more than 50% of total merchandise trade (see Table 2). The Food and Agriculture Organization (FAO) pointed out that for 14 countries, increases in the price of the more expensive cereal imports could widen the current account deficit by more than 2% of GDP (FAO, 2008). It is also important to note that food markets, food trade and dependencies varied over time (except in the case of small dependent countries such as Djibouti, Qatar, etc.), so many nations entered or left the FAO rankings.

Food prices can also affect CPI, but this impact varies across countries. The weight of food in the CPI differs from one economy to another (see Figure 5), so clearly, the impact of changes in food prices or food volatility depends on the specific characteristics of the country. In the case of the BRICS, for example, the weight of food in the CPI ranges from around 18% for South Africa to 41% for India. In the euro area and the US, meanwhile, the weightings are 14% and 8% respectively. CPI and food prices increased in parallel in some countries during the huge expansion episode in 2007[START_REF] Mitchell | A Note on Rising Food Prices[END_REF](FAO, 2008)). Firms are also affected by food price volatility, through inflationary pressures caused by the wage-price spiral. As a consequence, national authorities sometimes need to implement costly stabilisation policies (e.g. food subsidies). From a global perspective, international institutions have to understand food price volatility in order to prevent and reduce it but also in order to take action against its undesired effects.

What lesson can we draw from the recent evolution of food price volatility?

In order to examine some policy issues, we estimate some BVAR models including the price volatility of staple foods (corn, soybeans and wheat), the industrial production index (IPI) and the consumer price index (CPI). The countries are selected on the basis of the availability of monthly indicators: the US, the euro area, Brazil, Russia and South Africa (see Appendix 10).

The results of the impulse response functions lead us to focus our analysis on IPI reactions to shocks in these countries (see Appendix 11a). Indeed, we obtain more meaningful results for the IPI. The main results of the analysis of these IRFs are:

-A corn volatility shock drives down the IPI for all countries except Brazil, the largest producer of ethanol. IPIs drop after 5 months for the US and the euro area and after 3 months for the other countries. The intensity and duration of the decrease is relatively low in all cases, with the exception of the US;

The reaction of the IPI following a soybean volatility shock is almost negligible for all countries, except for the US which displays a decrease during the first 5 months;

As for the other grains, a wheat volatility shock leads to a small decrease in the IPI for the euro area, Brazil, Russia and South Africa. The intensity of the decline is much greater for the US.

We find that grain volatility shocks have a negative impact on IPIs for all countries, particularly in the US where the reaction is stronger. Volatility shocks can be interpreted as an increase in uncertainty. However, the decrease in the IPI means that suppliers protect themselves against the risk linked to large changes in the volatilities.

Finally, let us not forget that grain volatility shocks have no significant impact on CPIs in general (see Appendix 11b).

Conclusion

A Bayesian framework helps to show that the volatility of soft commodities is influenced by the price of the commodities themselves, by the US IPI, by biofuel and oil prices and by the price of financial assets. The US IPI has a negative impact on food price volatility, with the exception of soybeans. The impact of biofuel prices on corn and sugar volatilities is negative, while it is positive or zero in the case of other food commodities. Corn and wheat volatilities are negatively linked to crude oil prices, while, in the long run, coffee volatility is not correlated to oil prices. Financial market indicators, meanwhile, are strongly linked to food volatility. An analysis of impulse response functions yields the following conclusions:

A shock to price changes diminishes volatility for food commodities with the exception of corn and wheat;

Food volatility decreases after a biofuel price shock, except in the case of corn and wheat where it increases in the immediate aftermath of the shock then decreases over time; Financial market shocks lead to higher volatilities; Finally, a shock to the US IPI negatively impacts food price volatility except in the case of corn and sugar.

Regarding the IRF results, we observe that:

Cocoa and coffee show the same patterns regardless of the shock; Soybeans, sugar and wheat display similar responses to the above except for one particular shock;

The response to an oil shock differs in the case of soybeans;

The impact of US IPI shock is not the same for sugar nor is the biofuel price shock for wheat;

Corn volatility displays quite different characteristics.

Robustness checks confirm the relevance of our benchmark model, since the results are broadly insensitive to the introduction of alternative variables. In addition, the tests for spillover effects show that a multivariate framework with alternative explanatory variables is more coherent for modelling food price volatility. 
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		Cocoa	Coffee	Corn	Soybeans	Sugar	Wheat
		IQR	MAD	IQR	MAD	IQR	MAD	IQR MAD	IQR	MAD	IQR MAD
		0.75	0.97	0.73	0.97	0.81	0.98	0.77	0.98	0.84	0.98	0.84	0.98
	SD	(0.58)	(0.87)	(0.54)	(0.87)	(0.63)	(0.90)	(0.51)	(0.89)	(0.67)	(0.89)	(0.54)	(0.85)
	Full	[0.77]	[0.98]	[0.72]	[0.97]	[0.83]	[0.98]	[0.67]	[0.98]	[0.83]	[0.97]	[0.71]	[0.96]
	sample		0.87		0.87		0.89		0.87		0.92		0.91
	IQR	-	(0.70)	-	(0.66)	-	(0.72)	-	(0.60)	-	(0.76)	-	(0.67)
			[0.88]		[0.84]		[0.90]		[0.77]		[0.91]		[0.84]
		0.74	0.97	0.80	0.98	0.86	0.98	0.85	0.99	0.79	0.97	0.41	0.93
	SD	(0.59)	(0.88)	(0.62)	(0.89)	(0.66)	(0.91)	(0.50)	(0.88)	(0.68)	(0.88)	(0.28)	(0.74)
	2001-2006	[0.80]	[0.98] 0.87	[0.81]	[0.98] 0.90	[0.84]	[0.98] 0.92	[0.65]	[0.98] 0.92	[0.82]	[0.97] 0.90	[0.40]	[0.90] 0.68
	IQR	-	(0.71)	-	(0.72)	-	(0.74)	-	(0.60)	-	(0.77)	-	(0.50)
			[0.88]		[0.89]		[0.90]		[0.76]		[0.91]		[0.66]
		0.75	0.81	0.63	0.96	0.73	0.98	0.63	0.97	0.88	0.99	0.84	0.98
	SD	(0.59)	(0.86)	(0.45)	(0.85)	(0.54)	(0.88)	(0.44)	(0.89)	(0.71)	(0.92)	(0.62)	(0.86)
	2007-	[0.78]	[0.96]	[0.60]	[0.97]	[0.72]	[0.97]	[0.60]	[0.98]	[0.86]	[0.99]	[0.80]	[0.96]
	Mar. 2013		0.89		0.81		0.84		0.78		0.93		0.92
	IQR	-	(0.71)	-	(0.58)	-	(0.65)	-	(0.55)	-	(0.76)	-	(0.75)
			[0.89]		[0.76]		[0.84]		[0.71]		[0.91]		[0.91]

Linear correlations are given in the first line. Kendall's tau and Spearman's rho values are displayed in parentheses and square brackets respectively. With the exception of wheat, all series are stationary at the 10% significance level at least. All dependence or concordance statistics are significant at 1%.

  parameters in the ith equation and , are its diagonal elements, , is given by:

	These priors simplify the choice of the elements of	to that of three scalars, , and . Here,
	we set	0.5,	0.5 and	10 . Robustness checks are necessary to test the relevance of
	all the considered priors.		
	where				
					Σ ⨂	(4)
	and				
						Σ ⨂ y	(5)
	where	…	and	1, .	
	Σ is assumed to be a diagonal matrix with elements	1, … ,	and	where is the
	OLS estimate of the error variance in the th equation of the VAR model. The series introduced in our
	analysis are stationary. As a result, we set	0 .
	The Minnesota prior assumes that	is diagonal. If	denotes the block of	associated with
	the K ,	for coef icients on own lag for for coeffcients on lag of variable	1, … , for	1, … ,	(6)
			for coeffcients on exogenous variables

Table 4 . Expected effects and results summary Shock Expected impact of food volatility Our results
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As a robustness analysis, we estimate the models using Normal-Wishart prior distribution(Kadiyala and Karlsson, 1997).
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