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Abstract: The aim of the present work is to examine whether the price volatility of nonferrous metal futures can be used to predict 
the aggregate stock market returns in China. During a sample period from January of 2004 to December of 2011, empirical results 
show that the price volatility of basic nonferrous metals is a good predictor of value-weighted stock portfolio at various horizons in 
both in-sample and out-of-sample regressions. The predictive power of metal copper volatility is greater than that of aluminum. The 
results are robust to alternative measurements of variables and econometric approaches. After controlling several well-known macro 
pricing variables, the predictive power of copper volatility declines but remains statistically significant. Since the predictability 
exists only during our sample period, we conjecture that the stock market predictability by metal price volatility is partly driven by 
commodity financialization. 
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1 Introduction 
 

The world commodity market has witnessed a big 
metal price boom in the last decade. Metal prices have 
risen to recorded nominal highs since the turn of the 
millennium. According to the data from LME, among all 
the six Commodity Research Bureau (CRB) categories of 
primary commodities, metals experienced the greatest 
dramatic price fluctuation in the 2002−2008 commodity 
boom. Especially in the commodity market collapse 
during the financial crisis, the prices of basic metals fell 
60%−75% from the peak to the bottom. 

The integration of metal prices fluctuation with 
macroeconomic business cycles and financial market has 
been of recent interest. LABYS et al [1] documented that 
the commonality in metal prices reflects the tendency of 
commodity markets to respond to common business 
cycles and trend factors. The common factors in metal 
price can be related to macroeconomic influences, such 
as industrial production, consumer prices, interest rates, 
stock prices, and exchange rates. A more recent work by 
CHEN [2] investigated the time-serial properties of the 
prices of 21 metals and found that 34% of price volatility 
can be attributed to global macroeconomic factors over 

the period of 1972−2007. A large body of empirical 
evidence suggested that the commodity index investment 
was the major driver of the current spike in commodity 
futures, aggravating the integration of commodity market 
and financial market in the process of financialization 
[3−8]. 

The trade-off between risk and expected return is 
essential in any equilibrium theory of finance. From an 
aggregate perspective, as systematic risk increases, 
risk-averse investors require a higher risk premium to 
hold aggregate wealth, and the equilibrium expected 
return must rise. However, the questions posted are that 
the systematic risks are unobserved. Although the 
measure of stock market variance is thought to be a 
proxy of systematic risk, stock market volatility may 
itself be poor forecast of future stock market returns [9]. 
According to the trading data from 2004 to 2011 in the 
commodity markets in China, metal futures, such as 
copper and aluminum, attract the greatest interest of 
speculation and hedge trading, with its price fluctuating 
with sorts of macro shocks. Since commodity risk begins 
to be regarded as part of the macro risk source, it is 
intuitive to take commodity price volatility into our 
consideration to proxy systematic risk. Can the volatility 
of metal prices predict the aggregate stock market returns 
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in China since the emergence of commodity 
financialization? 

To find the answer to the question above, we collect 
the data from China’s metal futures and stock market and 
examine whether there is a substantial predictive 
relationship between lagged metal volatility and 
aggregate stock market returns. For the availability of 
data, we choose two typical nonferrous metals, copper 
and aluminum, as representatives of all kinds of metals 
on the commodity market. In-sample and out-of-sample 
regression results show that the volatilities of copper and 
aluminum are capable of forecasting stock market return 
at various horizons, which is consistent with our 
conjecture. Additionally, the results remain stable after 
controlling several well-known macro-economic 
variables  and are quantitatively similar by alternative 
measurement of variables. However, the predictive 
significance loses when we replicate our results at an 
earlier period from 1995 to 2003, which lends part of the 
predictability in our sample period to the prevailing 
commodity financialization. 

The work contributes to the literature on metal 
volatility. A large amount of them study the volatility of 
precious metals [10−15]. A few of them [16−19] focus 
on the time-series property of industrial metals volatility, 
especially the spillover effect between commodity 
markets and the financial markets. COCHARN et al 
[19] showed that the implied volatility of the stock return 
plays a significant role in determining metal risk and 
return. In the present work, authors attempt to examine 
the forecasting power of metal volatility, through a 
standard procedure of predicting stock returns, instead 
of complex time-series model using high-frequency data. 
 
2 Methodology 
 

To analyze the predictability of metal volatility for 
stock market return, we run monthly long-horizon 
predictive regressions as follows: 
 

1, 1, t+ t+K K K t t+ t+Kr = a +b x +u                    (1) 
 
where rt+1, t+K is the continuously compounded return 
measured over K months in the future, and xt is a 
forecasting variable known at time t. The forecasting 
horizons are 1, 3, 6, 9 and 12 months ahead. 

The statistical inference for the slope estimates is 
based on both asymptotic t-statistics and empirical 
p-values obtained by NEWEY and WEST [20] from a 
Bootstrap experiment [21]. This bootstrap simulation 
produces an empirical distribution for the estimated 
predictive slopes that should represent a better 
approximation of the finite sample distribution of these 
estimates. In this simulation, the market return and the 
forecasting variables are simulated (10000 times) under 

the null of no predictability of the market return. 
First, estimate the original regression Eq. (1) using 

ordinary least squares (OLS), save the slop estimate kb
)

: 
and assume that the predictor, xt, follows an AR(1) 
process and estimate Eqs. (2) and (3) 
 

1, 1, t+ t+K K u+ t+Kr = a +u                         (2) 
 

1 1t+ t tx = + x +ϕ φ ε +                            (3) 
 

The time-series of OLS residuals, Kttu ++  ,1ˆ  and 
1ˆ +tε , and the OLS estimates, Kâ , ϕ̂ , φ̂  are saved. In 

each replication, m=1, …, 10000, the pseudo-samples 
for the innovations in the market return and the predictor 
are constructed by drawing with replacement from the 
two residuals: 
 

1, 1 2ˆ{ } , ,  ,  m m m m
t+ t+K Tu , t = s s sL                   (4) 

+1 1 2ˆ{ }, , , ,  m m m m
t Tt s s sε = K                        (5) 

 
The time indices 1 2, ,  ,  ,m m m

Ts s sL are created 
randomly from the original time sequence, 1, …, T. The 
innovations in both the return and predicator have the 
same time sequence to account for their 
contemporaneous cross-correlation. For each replication, 
m=1, …, 10000, a pseudo-sample of the market return 
and predictor are constructed 
 

1, 1, ˆ ˆm
t+ t+K K t+ t+Kr = a +u                         (6) 

 
1 1

ˆˆ ˆm m m
t+ t t+x x +ϕ φ ε= +                           (7) 

 
Use the artificial data rather than the original data to 

estimate the following equation: 
 

1, 1, 
m m m m m

t+ t+K K K t t+ t+Kr = a +b x + v                   (8) 
 

The initial value for xt(x0) is picked at random from 
one of the observations of xt. In result we get an 
empirical distribution of the regression slope estimates, 

.}ˆ{ 10000
1=m

m
Kb  

 
ˆ ˆ ˆ ˆ ˆ( ) Num{ | | } Num{ | | }m m
K K K K Kp b = b b + b b≥ ≤ −     (9) 

 
where ˆ ˆNum{ | | }m

K Kb b≥  denotes the number of 
bootstrapped slop estimates that are higher than the 
absolute of original slop estimate. 

GOYAL and WELCH [22] suggested that most 
forecasting variables with in-sample forecasting power 
do not demonstrate an ability to forecast returns 
out-of-sample. Following CAMPBELL and WELCH 
[23], GOYAL and THOMPSON [22], GUO [24], 
RAPACH et al [25] and FERREIRA et al [26], we use 

2
osR  to test the out-of-sample predictability. 

The 2
osR  is calculated as 
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where Rt is the real market return of time t, tR̂  is 
predicted by a model which is from a regression 
estimated through period t−1, tR  is the historical 
average return estimated through period t−1, and n is the 
starting point we try to predict. 

If 2
osR >0, then the out-of-sample prediction has 

lower average mean-squared prediction error (MSPE) 
than the historical average return, which means it has 
good out-of-sample predictability. To test whether the 
average mean-squared prediction error of the 
out-of-sample prediction is significantly lower, we use 
MSPE-adjusted [27] statistic calculated as 
 

2 2 2ˆ ˆ( ) [( ) ( ) ]t t t t t t tf R R R R R R= − − − − −          (11) 
 
where Rt is the real market of time t, t∈[1, …, T]. Then 
regress T

nttf =}{  on a constant and use the t-statistic of 
the constant to test if 2

osR >0 is significant. 
 
3 Data 
 

We would like to highlight the role of 
financialization in the prediction of aggregate stock 
market return. Consequently, we choose the year of 2004, 
considered to be the beginning of commodity 
financialization as the start year of our sample period. 
Therefore, the entire sample period of our analysis is 
from January of 2004 to December of 2011, 84 months 
in total. We choose copper and aluminum to represent the 
family of metal futures for a couple of reasons. First, 
copper and aluminum, as basic nonferrous metal 
categories, play a fundamental role in manufacture, 
architecture and other industries, expected to have more 
universal impact on the stock market. Second, copper 
and aluminum are the first sorts of tradable commodities 
in China’s commodity future market, with the price data 
available since the earlier of 1990s. Other metals, such as 
iron, silver, gold, zin, and lead, are not allowed to be 
traded until recent years. Besides the advantage of data 
availability, the trading volume of future copper is of 
extremely great magnitude. According to the data 
provided by Shanghai Future Exchange, the trading 
volume of copper in 2012 has exceeded 29 trillion RMB 
until the end of October, which accounts for 60% trading 
volume of the entire metal commodity future market. 
During the first ten months, in contrast, the trading 
volume of the aluminum market comes to be only 537.93 
billion, approximately 1% of the whole metal market. 

To predict the stock market, our dependent variable 
is the value weighted stock portfolio returns of the entire 
universe of A-share firms listed on Shanghai or 
Shenzhen stock markets in China, which is denoted by 
SM_RET. The independent variable we construct to 
forecast the stock market is the volatility of copper or 

aluminum. The volatility of copper (CU_VOL) in each 
month is calculated by the standard deviation of the 
future copper daily price changes of all trading days 
during this month. The volatility of aluminum (AL_VOL) 
is measured in a similar way. 

According to the existent empirical work on stock 
market prediction, we need to control for additional 
macroeconomic variables in our regression framework. 
JIANG et al [28] found that five out of twelve 
well-documented variables at monthly intervals succeed 
in predicting the aggregate stock market returns in China 
from 1996 to 2009.  The five time-series variables are 
stock market dividend yield (MDY), market-wide 
turnover (TURNOVER), inflation index change (INFL), 
the shock of money supply measure M1 (M1G) and the 
shock of money supply measure M2 (M2G). The 
definitions of these five variables are described as 
follows. 

1) Market dividend yield (MDY): difference 
between the log of dividends and the log of lagged stock 
prices. 

2) Market-wide turnover (TURNOVER): the 
monthly trading volume over the market value of the 
whole universe of A-share stocks at the end of the month. 
Inflation index change (INFL): Calculated by the 
monthly difference in CPI index. 

3) M1 growth shock (M1G): The first-order 
difference of the growth in M1 money supply, namely 
the unexpected shock of M1 supply. 

4) M2 growth shock (M2G): The first-order 
difference of the growth in M2 money supply, namely 
the unexpected shock of M2 supply. 

Figure 1 shows the cumulative returns of three 
tradable assets, value-weighted stock market index, 
one-month futures for copper and aluminum in SHFE 
(Shanghai Futures Exchange), calculated by the holding 
period gross returns by investing 1 RMB on each of them 
at the beginning of a sample period. Obviously, the stock 
market spikes its price in the later of 2007 and then falls 
down with the coming of global financial crisis. The 
copper price increases dramatically at the beginning of 
2006 and persists on a higher level until the fiercely 
collapse in the crisis. Apparently, we notice that the price 
trend of aluminum is almost flat, with similar but much 
more moderate fluctuations during the sample period. 
Together with the fact that copper is greatly more heavily 
traded than aluminum, we conjecture that the price of 
future copper behaves more like other financial assets 
rather than aluminum. 

We depict the monthly volatility of both metals in 
Figure 2. In most of cases during the sample period, the 
curve of copper volatility fluctuates above that of 
aluminum but with simultaneous oscillation, which tells 
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Fig. 1 Cumulative returns of copper, aluminum and stock 
market index 
 
us that the daily price of copper is more volatile than 
aluminum. The first peak of both CU_VOL and 
AL_VOL emerges in the middle of 2006, and the second 
is at the beginning of 2009, both of which happened to 
be the start periods of a new upward tendency in the 
stock market. If it is true, to a certain extent, we 
speculate that the high volatile metal market might 
trigger a bullish stock market subsequently through some 
underlying mechanism. 

Table 1 reports the descriptive statistics of major 

 

 
Fig. 2 Price volatility of copper and aluminum 
 
variables. In panel A, we find the values of basic 
statistics of copper price change (CU_RET) are close to 
those of stock market return (SM_RET). In contrast, 
the numeric characteristics of aluminum price change 
(AL_RET) is quite different from that of both CU_RET 
and SM_RET. For example, the mean of CU_RET 
change is 1.426%, very close to the average return of 
stock market portfolio, which is 1.461% per month, but 
much greater than that of AL_RET which is only 0.13% 
per month. The mean of CU_VOL is also greater    
than that of AL_VOL; nevertheless, the difference, in 

 
Table 1 Summary statistics of main variables 

Panel Item SM_RET SM_VOL CU_RET CU_VOL AL_RET AL_VOL 
Mean 1.461 1.806 1.426 1.782 0.13 1.059 

Median 2.338 1.475 2.294 1.68 0.221 0.912 
Maximum 29.837 4.129 34.974 3.703 12.886 3.403 
Minimum −26.509 0.893 −41.154 0.694 −11.869 0.144 
Std. Dev. 0.1 0.772 0.096 0.007 0.049 0.006 
Skewness −0.14 1.125 −0.558 0.81 0.039 1.294 
Kurtosis 3.371 5.303 6.925 2.975 3.136 4.974 

Jarque−Bera 0.863 67.122*** 66.606*** 10.506*** 0.098 42.378*** 
AR(−1) 0.156 0.609*** 0.208** 0.623*** 0.189* 0.387*** 

Unit root −8.211*** −3.061** −7.831*** −4.661*** −8.000*** −6.413*** 

A 

Observations 96 96 96 96 96 96 
SM_RET 1      
SM_VOL −0.119 1     
CU_RET 0.412*** −0.185* 1    
CU_VOL 0.128 0.336*** −0.173* 1   
AL_RET 0.381*** −0.365*** 0.653*** −0.334*** 1  
AL_VOL −0.077 0.224** −0.265*** 0.642*** −0.326*** 1 

TURNOVER 0.364*** 0.222** 0.121 0.369*** 0.062 0.175* 
MDY 0.070 −0.329*** 0.166 0.007 0.202** 0.057 
INF 0.193* −0.005 0.039 −0.063 0.220** −0.081 

M1G −0.074 −0.044 −0.091 −0.016 −0.030 0.011 

B 

M2G −0.041 0.032 −0.029 0.007 0.039 −0.086 
Note: *,** and *** indicate significance at 10%, 5% and 1%, respectively. It is the same for Tables 3−5. 
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magnitude, is much smaller than the gap of price change. 
Besides, the price change of copper and the three 
volatility variables are rejected by Jarque−Bera statistics 
to be assumed to follow normal distribution while the 
normal-distribution assumption about the market 
portfolio return andaluminum cannot be rejected. We 
rejected the assumption to have a unit root for all the six 
variables at the significant level of 1%. All of them are 
first-order auto-correlated except the stock market return. 

In panel B, we notice that the stock market return is 
positively correlated with the copper price change as 
well as the aluminum price change. The correlation 
coefficients of SM_RET with CU_RET and AL_RET are 
0.412 and 0.381 respectively, both at a significant level 
of 1%. In contrast, the contemporaneous correlations of 
SM_RET with all the three volatility variables are of 
no statistical significance. Given the fact of the 
aggravating co-movements between commodities, the 
price changes of copper and aluminum, as well as the 
volatility of them, are highly correlated, with significant 
coefficients of 0.653 and 0.642 respectively. Besides, the 
metal volatility variables are both significantly correlated 
with stock market turnover (TURNOVER) and dividend 
yield (MDY), while the correlations with three other 
variables, such as inflation (INF) and the shock of the 
money supply (M1G and M2G), are negligible in both 
magnitude and significance. 
 
4 Empirical results 
 

We first examine the predictability of metal 
volatility for the stock market return in a univariate 
regression framework. To this end, we regress the market 
returns at various horizons on the lagged volatility 
variables of copper and aluminum, using both in-sample 
and out-of-sample forecasting approaches. Next, we 
further controll additional variables through multiple 
predictive regressions and check the robustness of 
the predictability. 

4.1 Univariate test 
We present the in-sample predictability results in 

Table 2. The dependent variables in the regression is the 
continuously compounded return measured over K 
months in the future (K=1, 3, 6, 9, 12). The independent 
variables are one month-lagged copper volatility and 
aluminum volatility. As the horizon K increases, the 
coefficient of copper volatility increases monotonically, 
from 3.608 to 27.871. All the coefficients are at 1% 
significant level according to the bootstrap p-value 
except that of the 12-month horizon (t=1.912).  Different 
from the magnitude change of the coefficient, the 
R-square value changes with an inverse U-shaped trend. 
The lagged copper volatility succeeds in explaining 
14.9% of the 3-month market return variation, which is 
the highest among all five horizons.  The lagged 
aluminum volatility fails to predict one-month stock 
market return in any statistical significance levels. 
However, the predictability of aluminum volatility in 
longer horizons is as significant as that of copper 
volatility. Notably, when the forcasting horizon increases 
to twelve months, the R square increases to 11.3%, which 
is about twice as high as that of regression on copper 
volatility. 

Next, we analyze the out-of-sample (OS) predictive 
power of copper and aluminum volatility for the stock 
market return. The OS regressions can be seen as 
complementary to the in-sample regressions and try to 
evaluate the parameter instability in these regressions. 
The out-of-sample predictability results are shown in 
Table 3.  We use 2007 to 2011 as the prediction period 
while the estimation period is from 2004. The 2

osR  
statistic for copper volatility is positive for K=1, 3, 6 and 
9, especially for K=3 and 6, 2

osR  statistic is greater than 
20%, and all are statistically significant at 5%. For K=12,  

2
osR  statistic becomes negative, indicating that the 

copper volatility cannot predict the stock market return 
any more for 12 months. For aluminum volatility, the  

2
osR  statistic is also positive when K=3, 6, and 9, and is 

 
Table 2 In-sample forecasting regressions 

Model Item K=1 K=3 K=6 K=9 K=12 

Coefficient of bCU_VOL 3.608 12.24 21.267 26.286 27.871 

Newey-west t-statistics 3.014 3.396 3.396 2.893 1.912 

Bootstrap p-value 0.024 0.001 0.001 0.008 0.029 

SM_RETCU_VOL,t= 
aCU_VOL + 

bCU_VOL CU_VOLt-1+ 
eCU_VOL,t R2 5.9% 14.9% 12.4% 8.8% 5.7% 

Coefficient of bAL_VOL 1.913 10.532 21.804 32.958 45.070 

Newey-west t-statistics 1.316 3.337 3.397 3.717 3.031 

Bootstrap p-value 0.279 0.008 0.004 0.003 0.002 

SM_RETAL_VOL,t= 
aAL_VOL+ 

bAL_VOL AL_VOLt-1+ 
eAL_VOL,t R2 1.3% 8.4% 10.0% 10.5% 11.3% 
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Table 3 Out-of-sample forecasting regressions 

Item K=1 K=3 K=6 K=9 K=12
6.011** 18.445** 19.123** 6.820** −11.298

CU_VOL 
2.672 3.741 3.476 2.392 0.940
−0.976 7.508** 11.251** 12.314** 3.012**

AL_VOL 
−0.285 2.199 2.225 2.124 2.335

Reject if T statistic is greater than 1.282 (for a one sided 0.10 test) or 1.645 
(for a one sided 0.05 test) according to CLARK et al[27]. 
 
statistically significant at 5%, although it is not great as 
copper volatility, but still greater than 10% when K=6 
and 9. Overall, the out-of-sample results for copper and 
aluminum volatility to predict stock market return is 
similar with in-sample results above. 
 
4.2 Multivariate regression 

The objective of the multivariate regressions is to 
check whether the forecasting power of metal volatility 
remains robust in the presence of the alternative 
predictors. Besides the five variables referred in the 
section of data description, we continue to control two 
additional variables: lagged stock market return 
(SM_RET) and lagged stock market volatility 
(SM_VOL). The multiple predictability of copper 
volatility for various horizons is reported in Table 4.  All 
the coefficients of copper volatility in the multivariate 
regressions are smaller than those of univariate 
regressions at each horizon, but still statistic significant 
at 5% or 10% level. For example, the one-month  

predictive coefficient of CU_VOLt−1 is 3.06 at a 
significant level of 10% (bootstrap p=0.089), less 
significant than that of univariate case, in both economic 
and statistical senses. When the forecasting horizon 
increases, the coefficient increases monotonically while 
the bootstrap p value goes first downwards then upwards, 
in a typical inverse U-shaped trend similar with the 
univariate case. None of the control variables are 
statistically significant for short forecasting horizons. As 
the horizon increases to six months or even longer, the 
coefficients of SM_RETt−1 and SM_VOLt−1 are becoming 
significant at 10% level. By adding controls, the gross R2 
increases from 5.9% in the univariate regression to 
13.8% in the multiple regression when K=1. When the 
forecasting horizon increases to twelve months, the 
values of R square increases to an incredibly high level 
of 56.4%. 

Correspondingly, we report the multivariate 
regression results of aluminum volatility in Table 5. 
Similar to the univariate regression, the coefficient of 
lagged aluminum volatility for one-month forecasting 
horizon is still insignificant after controlling the lagged 
market return and volatility and other five 
macroeconomic variables. However, the coefficient of 
AL_VOLt−1 goes upward when the forecasting horizon 
increases and is significant at a level of 5% for other four 
horizons, where the respective R2 is greater than that of 
regression on lagged copper volatility. 

 
Table 4 Multiple predictive regressions on lagged copper volatility 

Item K=1 K=3 K=6 K=9 K=12 

9.332 52.286 193.996 457.697*** 774.149*** 
a 

(0.633) (0.242) (0.050) (0.008) (0.003) 

3.060* 9.207** 18.886** 22.745** 24.612* 
CU_VOLt−1 

(0.089) (0.020) (0.014) (0.041) (0.082) 

0.058 0.376 0.964** 1.269* 1.687* 
SM_RETt−1 

(0.635) (0.140) (0.048) (0.070) (0.067) 

−1.582 0.235 2.25 11.835 21.001 
SM_VOLt−1 

(0.326) (0.948) (0.734) (0.224) (0.102) 

0.024 0.049 −0.018 −0.094 −0.22 
TOt−1 

(0.182) (0.202) (0.799) (0.372) (0.117) 

7.622 39.153 118.761** 265.684*** 433.637*** 
MDYt−1 

(0.492) (0.129) (0.037) (0.007) (0.003) 

−0.998 −2.477 −3.762 −2.303 −6.521 
INFt−1 

(0.609) (0.567) (0.634) (0.848) (0.671) 

−0.18 −0.975 −0.196 2.159 2.137 
M1Gt−1 

(0.733) (0.391) (0.929) (0.482) (0.609) 

1.057 1.967 1.903 −1.456 −1.436 
M2Gt−1 

(0.262) (0.329) (0.618) (0.798) (0.848) 

R2 13.8% 28.2% 32.1% 42.9% 56.4% 
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Table 5 Multiple predictive regressions on lagged aluminum volatility 
Item K=1 K=3 K=6 K=9 K=12 

12.263 53.603 193.604*** 450.258*** 750.511*** 
a 

(0.540) (0.237) (0.047) (0.008) (0.003) 
1.718 9.38** 20.976** 29.172** 40.317** 

AL_VOLt−1 (0.386) (0.030) (0.011) (0.018) (0.012) 
0.084 0.483* 1.195** 1.573** 2.073** 

SM_RETt−1 (0.486) (0.060) (0.015) (0.027) (0.029) 
−1.038 1.138 3.800 13.02 20.759* 

SM_VOLt−1 (0.508) (0.726) (0.541) (0.165) (0.094) 
0.03 0.062 0.006 −0.069 −0.206 

TOt−1 (0.101) (0.108) (0.928) (0.505) (0.147) 
8.264 38.296 115.855 259.595*** 421.256*** 

MDYt−1 (0.461) (0.140) (0.038) (0.008) (0.003) 
−1.307 −3.18 −5.108 −3.711 −7.568 

INFt−1 (0.510) (0.450) (0.530) (0.754) (0.619) 
−0.28 −1.319 −0.918 1.251 1.067 

M1Gt−1 (0.587) (0.239) (0.668) (0.693) (0.795) 
1.204 2.638 3.376 0.532 1.197 

M2Gt−1 (0.212) (0.202) (0.382) (0.924) (0.870) 
R2 11.5% 27.7% 32.8% 45.2% 61.0% 

 
4.3 Robustness test 

The dependent variable of our earlier analysis is 
value-weighted stock portfolio returns of the entire 
market, we repeat our regressions using China Security 
Index 300 (CSI 300) as a dependent variable. We also 
adjust the earlier value-weighted stock portfolio returns 
of the entire market by excluding the risk-free rate of 
interest to repeat our analysis. For these two different 
settings, we find the results are quite similar with earlier 
analysis and are thus not tabulated here. 

The copper and aluminum volatility used earlier is 
calculated through an one-month period. We repeat our 
main analysis using three-months copper and aluminum 
volatility as an independent variable. In untabulated 
results, we find that the results are also quite consistent 
with earlier. To save space, all the above tables are not 
reported but are available upon request. 

Finally, we replicate the predictive regressions on 
another time interval from January of 1995 to December 
of 2004, a period before commodity financialization. 
Consistent with our conjecture, we could not observe the 
similar predictive relationship between lagged metal 
volatility and stock aggregate stock market return. So we 
limit our finding to the recent period and leave the 
possibility of the explanation for the predictability to 
commodity financialization. 
 
5 Conclusions 
 

1) The price volatility of future copper and 

aluminum is capable of predicting value-weighted stock 
portfolio at various horizons in both in-sample and 
out-of-sample regressions. 

2) The basic results are robust after controlling the 
macroeconomic variables and not influenced by using 
alternative ways to construct variables and some 
econometric adjustment. 

3) Weak evidence suggests that the discovered 
predictability is likely to be attributed to the prevailing 
financialization trend in the recent commodity market. 
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摘  要：研究的主要目的在于检验有色金属期货价格波动是否能够预测中国股票市场收益。以 2004 年至 2011 年

为样本区间，通过实证分析发现铜和铝的价格波动率均能较好地预测不同时间区间的股票收益，这种预测能力在

样本内和样本外预测中均存在，其中铜价波动率比铝价波动率的预测能力更强。实证结果的稳健性并不受变量的

不同测度以及计量经济学估计方法的影响。在多元回归分析中控制一些主要的宏观预测因子之后，铜价与铝价波

动率的预测能力有所下降，但在不同的预测区间仍然表现出统计意义上的显著性。本结论成立依赖于所选取的研

究样本区间，故此我们认为金属价格波动率对股市的预测能力可能由近期的商品金融化所导致。 
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