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Introduction

As the commodities sector is one of the majority important in the international financial markets in terms of its contribution to world trade, income, speculation and employment, it is not surprising that the time series volatilities in principal agriculture and energy sources, such Wheat, Corn, Soybeans, Cotton, Sugar, Coffee, Cocoa, Crude Oil, Brent Crude Oil, Heating Oil, and Natural Gas, have been examined extensively in terms of finance and economics, thereby leading to significant research in the nexus between stock market and commodities indices [START_REF] Caporin | Are the S&P 500 Index and Crude Oil, Natural Gas and Ethanol Futures Related for Intra-Day Data?[END_REF].

Commodity indices trade on the relationship between supply and demand. Such as, developing countries for example China and India require important investment in commodities such as steel and oil to construct their infrastructures, cotton and metals to produce manufacturing products and food-related commodities to nourish their progressively more middle-class populations. These trends have produced significant demand and higher volatilities of prices for commodities indices. Additionally, the high level of demand has also paying attention of investors, who previously invested in only stocks and bonds markets, to take benefit of commodity markets force and its normal inverse dynamic correlation to the movement of the stock market indices coincided with the 2007-2008 boom in commodity prices [START_REF] Henderson | New Evidence on the Financialization of Commodity Markets[END_REF].

In this context, the returns, volatility and volatility spillovers (namely, the delayed effect of a returns shock in one financial/precious metals/energy/livestock/agricultural asset on the subsequent volatility or co-volatility in another financial/precious metals/energy/livestock/agricultural asset), among alternative stock market indices and commodities indices across diverse markets have been examined using a variety of univariate and multivariate returns, volatility and volatility spillovers specifications, different data frequencies, and alternative data sets.

The period of mainly quick change in stock market index strategies and supplementary financial commodity investment approximately coincided with the 2007-2008 booms in commodity prices, most important to a discuss among both academics and policy makers about whether the flows of conditional dependence between stock market indices and financial commodity indices [START_REF] Irwin | Index funds, financialization, and commodity futures markets[END_REF][START_REF] Bos | A bitter brew? Futures speculation and commodity prices[END_REF][START_REF] Rouwenhorst | Commodity investing[END_REF][START_REF] Cheng | Convective risk flows in commodity futures markets[END_REF].

Then, the time-varying dependency between different asset classes returns, mainly stock market return and commodity indices, can be effectively examined by multivariate Generalized Autoregressive Conditional Heteroskedasticity (MGARCH) models (Tse and Tsui, 2002;[START_REF] Bae | A new approach to measuring financial contagion[END_REF][START_REF] Cho | East Asian financial contagion under DCC-GARCH[END_REF]Xiao and Dhesi, 2010;[START_REF] Égert | Time-varying synchronization of European stock markets[END_REF]. This paper gains its own significance and contribution from the detail that it applies of GARCH-DECO (1,1) for the first time on the examination of the volatility dependency and the time-varying variance of dynamic equicorrelation between S&P500 index and the chosen S&P GSCI commodities indices. The GARCH-DECO specifications, although significant, have become a standard and popular modelling framework for financial time series.

The main findings of estimated GARCH-DECO (1,1) show highly significance of conditional heteroscedasticity parameters can show us to distinguish the nature of the volatility dependency between S&P500 index and the S&P GSCI commodities index. This can make clear the importance of correlation in the process of financialisation of the US stock market index and commodities. Also, the GARCH-DECO (1,1) specification has a good fit of data; it captures all the observed extremely volatility in the conditional dependency of financial time series returns.

The rest of this paper is structured as follow. Section 2 shows an overview of the S&P GSCI composition. In section 3, we present the econometric methodology employed in this paper.

Section 4, indicates data characteristics. In section 5, we report the empirical finding. Finally, section 6 concludes and remarks.

The S&P GSCI composition

The S&P GSCI (formerly Goldman Sachs Commodity Index, GSCI) is a commodity index, which includes 24 different futures, which are traded on commodity exchanges. He was first calculated in 1991 by Goldman Sachs and taken over by Standard & Poor's of 2007.

The S&P GSCI includes 24 different commodities that are weighted according to the value of its annual production with current prices to each other. According to price changes also the weight of the raw material in the index changes. Underlying Down here is the average of the last five years.

As of each commodity index is also available from S&P GSCI Spot a Return Index, an excess return index and a total return index.

By referring to the nearest Future and the regular rolls the second and third variant of the index can be reproduced and are investable. The futures are rolled to an established scheme month. The index adjustment is done annually. This so-called rebalancing is discretely carried out using a procedure by an investment committee.

Consideration is given exclusively futures contracts that have a sufficiently high liquidity, In The S&P GSCI comprises 24 commodities from all sectors (industrial metals, agriculture, energy, livestock, precious metals). The energy sector, especially oil activities, representing the majority of its indices.

which

Econometric Methodology

In this paper, we use the GARCH-DECO models to test the dynamic equicorrelation between the S&P500 index and the sixteen selected S&P GSCI commodities as Energy The Dynamic Conditional Correlation framework is a practical modeling tool, however when the number of test stock market indices become large the estimation can becomes unreliable and even breakdown finally. The Dynamic Equicorrelation Model (DECO Model) group of correlation models is considered to overcome some of these computational difficulties issued by the Dynamic Conditional Correlation models. As such, the documentation for Dynamic Equicorrelation models will be formulated for many stock market return series.

Consider a vector of n different stock market return series    will accede to the same correlation structure as the original two return series.

The Generalized Autoregressive Conditional Heteroskedasticity-Dynamic Equicorrelation (GARCH-DECO) model assumes a specific parametric for the conditional correlation matrix t R . Then, on a given day the GARCH-DECO model supposes that all pairwise correlations are identical. Also, it turns out that despite this seemingly strong restriction, the Dynamic Equicorrelation model can provide consistent estimates of Dynamic Conditional Correlation parameters in large systems. The correlation matrix t R is thus defined as an equicorrelation matrix and evolves as: In order to implement maximum likelihood, we suppose the stacked return series 

  1 t t N t N R I J     (5) ,, , , , , 2 ( 1) 
i j t t ij i i t j j t q NN qq      (6) , , , , 1 , 1 , , , 1 , ( ) ( ) 
i j t i j DECO i t j t i j DECO i j t i j qq                ( 
    ' 1 ' ' 1 , log 2 c DECO DECO t t t t t t t L R R             (8)
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The standard restrictions and properties of the univariate Generalized Autoregressive Conditional Heteroskedasticity models that are employed to model each individual return series' volatilities also naturally still hold.

Data

In this paper, the data is collected from daily prices of S&P500 index and the sixteen selected S&P GSCI commodities during the period from January 01, 2003 to December 31, 2015. Then, daily prices are transformed to daily logarithmic returns.

The table 2 reports the descriptive statistics of conditional volatility of S&P 500 and S&P GSCI returns over the period from January 01, 2003 to December 31, 2015. From this table, we can observe that in average the higher conditional volatility is for Heating Oil (49.26%) followed, respectively, by the Sugar (36.25%), the Brent Crude Oil (33.16%) and the Crude Oil (33.11%).

Additionally, we can remark that the higher return is for Heating Oil (2.83%) followed, respectively, by the Feeder Cattle (1.95%), the Natural Gas (1.60%) and the S&P500 index (0.88%).

For the conditional volatility prediction by the GARCH (1,1) model, we can show that the biggest weekly, monthly and yearly prediction is for the energy commodities followed by the Agriculture commodities, the Precious Metals commodities, and the Livestock commodities. According to these figures, we can observe that the conditional volatility prediction of the chosen series returns attained their maximum in the start of 2009. This period is coinciding with the presence of an international financial instability followed by an international liquidity and banking crisis in developing and developed countries.

Table2

Descriptive From this Table, we can show that all parameters are highly significant with a volatility persistence superior than 0.90 (+) for the dynamic equicorrelation between the S&P500 index and the sixteen selected S&P GSCI commodities. Also, the difference between the levels of volatility persistence can be just explained by the reality that commodities cannot be viewed as a homogeneous asset class [START_REF] Creti | On the links between stock and commodity markets' volatility[END_REF][START_REF] Chebbi | The dynamic correlation between energy commodities and Islamic stock market: analysis and forecasting[END_REF][START_REF] Chebbi | A Dynamic Conditional Correlation between Commodities and the Islamic Stock Market[END_REF].

The empirical finding showed in Table 3 balance the existing literature by reviewing the answer of the conditional nexus between stock markets and commodities indices.

Additionally, we can observe that all parameters are statistically significant confirming that the dependence between the S&P500 index and the sixteen selected S&P GSCI commodities are time-varying and extremely volatile.

Besides, there is also a confirmation that the sum of the volatility coefficients (+) is very close to unity, namely for the case between S&P500 index and the sixteen selected S&P GSCI commodities as exposed proving the higher persistence of volatility between the US stock market and commodity markets. There is one possible explanation which finds that such persistence goes along with the financialisation of stock market indices and commodities [START_REF] Creti | On the links between stock and commodity markets' volatility[END_REF][START_REF] Chebbi | The dynamic correlation between energy commodities and Islamic stock market: analysis and forecasting[END_REF][START_REF] Chebbi | A Dynamic Conditional Correlation between Commodities and the Islamic Stock Market[END_REF]. Our empirical results emphasize the importance of using GARCH-DECO (1,1) in modeling the time-varying dynamic equicorrelations.

The close dependence between daily movements of commodities and stock markets, which 

  Engel (2002) proposes a DCC-GARCH (Dynamic Conditional Correlation-Generalized Autoregressive Conditional Heteroskedasticity) specification to examine the dependence between the assets returns based on their conditional volatilities. Additionally, the Dynamic Conditional Correlation is also developed byTse and Tsui (2002). Subsequently,[START_REF] Silvennoinen | Multivariate GARCH models[END_REF] suggest a Constant Conditional Correlation-GARCH model to investigate the flexibility of univariate Generalized Autoregressive Conditional Heteroskedasticity models and the simplicity of parametric correlation in the model. In large-system conditional covariance modeling, we can show the presence of contrast of Factor ARCH (Autoregressive Conditional Heteroskedasticity) and composite likelihood highlights a fundamental tradeoff.Engel and Kelly (2012) propose a solution to this tradeoff that selectively combines simplifying structural assumptions and composite likelihood adaptability. We use a system in which all pairs of returns have the same correlation on a given day, but this correlation varies over time. The model, called Generalized Autoregressive Conditional Heteroskedasticity-Dynamic Equicorrelation (GARCH-DECO), eliminates the computational and presentational difficulties of high-dimension systems. Also, because equicorrelated matrices have simple analytic inverses and determinants, likelihood computation is dramatically simplified and optimization becomes feasible for vast numbers of financial time series returns and volatilities.Then, the main objective of this paper is to investigate empirically the co-movement of the volatility dependency the S&P500 (Standard & Poor's 500) index and the sixteen selected S&P GSCI commodities as Energy(Crude Oil, Brent Crude Oil, Heating Oil, and Natural Gas), Agriculture (Wheat, Corn, Soybeans, Cotton, Sugar, Coffee, and Cocoa), Precious Metals (Gold and Silver), and Livestock (Live, Cattle, Feeder Cattle, and Lean Hogs) over the period from January 01, 2003 to December 31, 2015. Methodologically, we employ the GARCH-DECO (1,1) to assess the dynamic equicorrelation between S&P500 index and the chosen S&P GSCI commodities indices.

  are denominated in US dollars and listed in a member country of the OECD (Organisation for Economic Co-operation and Development). Moreover, the contracts must be at least 1.0 percent of total revenues of the commodities in the index. The minimum size prevents fragmentation on too many individual items. A raw material is removed when its weight drops below 0.1 percent. The S&P GSCI is considered an indicator of the future development of inflation or the cost of development in the industry. He is at a turnaround on the commodities market, a good leading indicator for the bond market, as raw materials in their tendency towards the bonds generally have a lead time of three to six months. Between the Interest on bonds and commodity prices is also time a close connection. Correlations of the S&P GSCI dollars with the geometric weighted U.S. Dollar Index and the trade-weighted US Trade Weighted Index are recognizable. A falling US dollar is equivalent to inflationary trends and rising trend in commodity prices. This is particularly true for agricultural commodities and the price of oil. The Spot Return Index was launched on January 8, 1991 under the name Goldman Sachs Commodity Index (GSCI). The recalculation was made until January 2, 1970 to a base value of 100 points. Until 1980, the GSCI rose computationally to a record total of 299.71 points. During the recession of the early 1980s lost the index value. In 1986, the low was 144.33 points, up 51.8 percent lower than in 1980. According to an interim high on 6 January 1997 at 231.82 points in commodity index fell during the Asian crisis until December 21, 1998 to a low of 127,94 points. Since the peak in 1997, this represents a decrease of 44.8 percent. In the following years, the index was due to a huge demand for raw materials in mainland China and India strongly. On 11 May 2006 the GSCI overcame the first time the threshold of 500 points. On 3 July 2008 an all time high was marked in the course of trading with 893.85 points. Since bottoming out in 1998 corresponds to an increase of 598.6 percent. On February 02, 2007 Standard & Poor's took over the calculation of the index. To reflect this change, the Goldman Sachs Commodity Index was renamed S&P GSCI. During the international financial crisis, which in the US subprime mortgage crisis had its origin in 2007, the index began to decline. 2008, the financial crisis had an increasing impact on the real economy. Because of a decline in global demand in the commodity markets, it came mainly from the beginning of the fourth quarter of 2008 to strong price declines. On February 19, 2009, the S&P GSCI fell during trading with 305.58 points to its lowest level since 2005. Since the all-time high from July 2008, this represents a decrease of 65.8 percent. This is the biggest fall in the history of the index. The February 19, 2009 marked the end of the descent. From the beginning of 2009, the commodity index was back on the way up. On April 11, 2011 the index rose during trading on 762.22 points. The February 2009, an increase of 149.4 percent. Particularly strong was the increase in prices of agricultural commodities. Especially meat, cereals, sugar and oils and fats prices were up since the middle of 2010. The reasons are several factors are known (rising world population, growing money supply, speculation on agricultural markets, crop losses caused by natural disasters, export restrictions of some countries). Follow the high raw material prices are rising inflation and the outbreak of riots in parts of the world.
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  Crude Oil, Brent Crude Oil, Heating Oil, and Natural Gas), Agriculture (Wheat, Corn, Soybeans, Cotton, Sugar, Coffee, and Cocoa), Precious Metals (Gold and Silver), and Livestock (Live, Cattle, Feeder Cattle, and Lean Hogs) during the period from January 01, 2003 to December 31, 2015.

  (1,1) specification is obtained after the modeling of the univariate return series as individual Generalized Autoregressive Conditional Heteroskedasticity processes and their standardized residual series as a DECO process. -DECO are estimated by using the system vie quasi maximum likelihood.

Figures 1

 1 Figures 1 to 17 present the evolution of the conditional volatility prediction by GARCH (1,1) specification and the returns of the S&P500 index and the sixteen selected S&P GSCI commodities over the period from January 01, 2003 to December 31, 2015.
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 1234561314151617 Figure 1. The conditional volatility and return of S&P500 index over the period January 01, 2003 to December 12, 2015

  have persisted regularly uninterrupted since the outbreak of the financial crisis of 2007, has frayed. The daily movements of the S&P500 and the S&P GSCI commodities index were more or less in tandem for the period from 2008 to 2015. But in recent year from the period of study, the two indexes' correlation as an assessing of how closely markets path one another has fallen to the lowest level since October 2008.
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 181920212223242526272829303132 Figure 18. The Dynamic Equicorrelaton beteewn S&P and Crude Oil indices over the period January 01, 2003 to December 12, 2015

  By using the standard Generalized Autoregressive Conditional Heteroskedasticity model, we can proceed to the estimation of the residuals for each return series after we have fit the univariate Generalized Autoregressive Conditional Heteroskedasticity (GARCH) model.

	Formally, these are defined as:				
		, it		, it , it r 	(4)
	1, r  , ,..., t N t r   where all series have been demeaned. Further, define the conditional covariance matrix of all stock market t r return series as ' 1 t t t t r r H     . Then, we can decompose t t t t H D R D  (1) where , () t i t H diag   for (1, 2) i  . , t R denotes the conditional correlation matrix for the two return series. The GARCH-DECO (Generalized Autoregressive Conditional Heteroskedasticity-Dynamic Equicorrelation) model puts specific parametric assumptions on the evolution of t D and t R separately. The conditional variance of each individual return series is modeled as a standard GARCH process: 22 1 , , t i t i t r      (2) 2 2 2 11 t t t         (3) Besides, the volatility residual vector ' 1, t t N t , ,...,   

t H into the following:

it  denotes the conditional volatility of return series i and is the i th diagonal entry of t H . Finally,

Table 3 ,

 3 we present the empirical results from the GARCH-DECO (1,1) model during the period of study from January 01, 2003 to December 31, 2015.

Figure 7. The conditional volatility and return of Corn index over the period January 01, 2003 to December 12, 2015 Figure 8. The conditional volatility and return of Soybeans index over the period January 01, 2003 to December 12, 2015 Figure 9. The conditional volatility and return of Cotton index over the period January 01, 2003 to December 12, 2015 Figure 10. The conditional volatility and return of Sugar index over the period January 01, 2003 to December 12, 2015 Figure 11. The conditional volatility and return of Coffee index over the period January 01, 2003 to December 12, 2015 Figure 12. The conditional volatility and return of Cocoa index over the period January 01, 2003 to December 12, 2015

Conclusion

In this study, we investigate empirically the dynamic equicorrelation between the S&P500 index and the sixteen selected S&P GSCI commodities as Energy (Crude Oil, Brent Crude Oil, Heating Oil, and Natural Gas), Agriculture (Wheat, Corn, Soybeans, Cotton, Sugar, (1,1) to examine the conditional correlation between &P500 index and the sixteen selected S&P GSCI commodities index.

Based on the estimated results of GARCH-DECO (1,1), we conclude the presence of a highly significance of conditional heteroscedasticity parameters can show us to distinguish the nature of the volatility dependency between S&P500 index and the sixteen selected S&P GSCI commodities index. This can make clear the importance of correlation in the process of financialisation of the US index and commodities in the case of our study.

The GARCH-DECO (1,1) specification has a good fit of data; it captures all the observed highly volatility in the conditional dependency of return series.

In addition, the sum of the two parameters (α + β) for the chosen conditional heteroscedasticity specification (GARCH-DECO (1,1) model) is close to 1 which implies the persistence of volatility in the conditional dependency between S&P500 index and S&P GSCI commodities index. There is one possible justification which finds that such persistence goes along with the financialisation of US stock market indices and commodities.
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