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Abstract: The GARCH and DCC-GARCH models are used to study the volatility aggregation and dynamic relevance of China’s
three kinds of nonferrous metals (copper, aluminum and zinc) prices incorporating structural changes. The results show that copper,
aluminum and zinc returns have many structure breaks points, and nonferrous metals have the great volatility risk during financial
crisis. From the results of GARCH with and without structural changes, it is found that the volatility clustering of single nonferrous
metal is overvalued when ignoring the structural mutation, and the return of aluminum is the most overvalued, indicating that
aluminum market is more susceptible to external shock. Furthermore, it is also found that dynamic volatility correlation exists in the
three prices of nonferrous metals, and the structural changes have no significant effect on the volatility correlation of the three

nonferrous metals.
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1 Introduction

Nonferrous metals (such as copper, aluminum and
zinc) play a crucial role in industrial production and
economic activity. With the development of China’s
economy and commodity market, the demand for
nonferrous metals grows rapidly, and the price dynamics
of nonferrous metal markets are extremely volatile. As an
important industrial raw material, the price volatility of
nonferrous metals has an important influence on a
country’s nonferrous metals industry and the macro
economy [1]. Thus, the research on wvolatility of
nonferrous metals price has become a hot area [2].

The reason of the price volatility of nonferrous
metals is concerned by a number of researches [3—5].
BOSCHI and PIERONI [6] studied the interaction
between aluminum market and macroeconomic
variables. The results showed that the aluminum metal
prices are ultimately determined by the fundamentals of
supply and demand. CHEN [7] researched the price data
of nonferrous metals from 1900 to 2007, showing that
the price volatility of nonferrous metals is mainly
determined by the global macroeconomic factors during
1972 to 2007. CUMMINS et al [8] discussed the
influence of behavior factors on the price volatility of

nonferrous metals.

Additionally, the research on nonferrous metal price
volatility spillover is concentrated [9,10]. XIARCHOS
and FLETCHER [11] investigated the one-way
relationship between metal and scrap metal. The study
concluded that there exists information transfer in the
scrap metal and the basic metal market in short term.
TODOROVA et al [12] analyzed the volatility spillover
effect between five kinds of nonferrous metals
(aluminum, copper, lead, nickel and zinc) by using HAR
models. YUE et al [13] used the VAR-DCC-GARCH
model to explore the co-movement relationship between
the price of China’s nonferrous metals market and the
price of LME in London. In summary, previous studies
have indicated that the volatility of the price of
nonferrous metals and the volatility spillover have
attracted much attention of scholars, but there is still
much issue.

Particularly, nonferrous metal prices have been
subjected to frequent structural changes or regime shifts
due to economic and geo-political events. WATKINS and
MCALEER [14] predicted and simulated copper and
aluminum futures price volatility by the AR(1)-
GARCH(1,1) model. The results showed that the price
fluctuations of nonferrous metals may be affected by
the special events within the industry. Thus, considering
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structural changes in the prices is necessary when we
study the volatility of nonferrous metal prices. In this
paper, we use the iterative cumulative square and
algorithm (ICSS algorithm, INCLAN and TIAO [15]) to
identify the points of structural changes in the variance
of nonferrous metals returns [16—18]. Furthermore, we
evaluate the impact of structural changes on volatility
cluster using a univariatt GARCH model. And we use
the DCC-GARCH model proposed by ENGEL [19] to
measure the dynamic correlation between the volatility
of the nonferrous metals price [20,21]. We construct the
DCC-GARCH model with structural changes and
without structural changes to measure the volatility
correlation of nonferrous metal prices. In addition, the
copper, aluminum and zinc are the most important
nonferrous metal industry, and their prices are closely
related to the global industrial output, so we use copper,
aluminum and zinc as the object of our study in this

paper.

2 Methodology

The dynamic conditional correlation GARCH
model (DCC-GARCH) was proposed by ENGEL [19].
The model can not only study the volatility clustering of
individual variables, but also analyze the strength of the
relationship between the two variables. The model
assumes that the return on assets at the ¢ period follows a
mean of 0, and the conditional multidimensional normal
distribution of covariance matrix H,:

{rt o ~ N(0,H,)

1
H,=D,RD, M

where r, is a kx1 vector, H, is conditional covariance
matrix, D, is a kxk diagonal matrix which is composed of
the time varying standard deviation ﬁ of the single
variable GARCH model, and R, is time varying
correlation coefficient matrix. \/E can be obtained by

the single variable GARCH model:
p q
by =, + Zai,pri,zz—p +Zﬂi,qhit—l (2)
p=1 g=1
S 2
where w; is a constant, Zai’ olii—p 18 p order ARCH
p=1
q
terms, Z,Bi,qh,-,,l is g order AR terms. ENGEL [19]
q=1

suggested that the link of the asset volatilities can be
expressed as the following dynamic correlation structure:
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where & =D;'r,, & ~ N(0,R,); @, is the unconditional
covariance of g; 6,,, and 6,, are estimation coefficients
for dynamic conditional correlation models. If they are
significantly not equal to 0, there is a dynamic
conditional correlation coefficient among different assets.
Q,* is a diagonal matrix of @, on the diagonal. The
dynamic conditional correlation coefficient among
different variables is expressed by the elements
Pig =iy I \[3447,50 o0 R.

Following ENGEL’s result [19], the DCC-GARCH
model is divided into two steps. The first step is to
estimate the univariate GARCH model, and the second
step is to estimate the DCC model based on the first step.
The likelihood function which estimates this model can
be written in the following form:

L(0,¢) = 1,(0) +L,(0,9) (6)

where @ represents the estimated result of the
conditional variance in the first step

Ll(@):—%Z“(nln(27t)+ln|Dt|2 +e,'Dt_2e,) (7)

And ¢ is the estimation of conditional correlation
coefficient based on the first step estimation

1 ' p— '
L2 (@, ¢) = _EZt(ln|Rt| +8th 181 _8z81f) (8)

In order to construct the DCC-GARCH model with
structural changes, we need to regard detect point
mutation of ICSS algorithm as a dummy variable is
introduced into the univariate GARCH model.

The univariate GARCH model can be written as

~N(0,h)

{'} =c+Ar_ +e, el ©

2
h =w+ae_ + ph,_,

Then, the ICSS algorithm is used to detect the
mutation point as dummy variable, which is introduced
into the univariate GAHCH model, and gain the
univariate GAHCH model with structural changes:

{rt =c+Ar_ +e.e|l,_ ~N(0,h) (10)

h =w+dD, +---+d,D, +ae’, + fh_

N mutation points are obtained by using the ICSS
algorithm. The two-mutation point interval region is
called the volatility regime, which can get the n+1 wave
mechanism. In the first i+1, the virtual variable takes one,
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and the other is set to zero.

ENGEL [19] believed that the DCC-GARCH model
can effectively describe the dynamic mechanism between
the financial variables, and the influence of the reaction
variables. In order to analyze the mutual influence of
nonferrous metals, we use the DCC-GARCH model to
measure the interaction among three kinds of nonferrous
metals. The DCC-GARCH model used in this paper is as
follows:

H,=DR,D,
R, = diag(«fqi,j,t )0, diag( ‘]i,j,t)
M N _
Qt:[l_Zelm_ZQZnJQ_{— (ll)
m=1 n=1

M N
Z 01m (8i—m8j—m ) + Z 92th—n
n=1

m=1

where p;;, is the dynamic correlation coefficient for the
DCC-GARCH model, R, is the dynamic correlation
matrix, and D, = diag(ﬁ ) is the diagonal matrix of
the dynamic correlation matrix. 6y, and 6,, are the
coefficients of the DCC-GARCH model.

3 Data and descriptive statistics

The authors consider three time series of China’s
nonferrous metals (copper, aluminum and zinc) provided
by the WIND Commodity Database. Taking into account
the zinc began to trade at March 26, 2007, the data are
from March 26, 2007 to June 30, 2015, including 2011
daily data.

In this paper, the price series are converted into the
logarithmic percentage return series for all sample
indices, i.e., R_X=In X,—In X,_;, where In X, represents the
logarithmic series for eliminating the abnormal variance
and reducing the volatility of the data. R X, represents
the return series, i.e., r, in Egs. (9) and (10).

The descriptive statistics and the results of ADF test
are listed in Table 1. As listed in Table 1, the means of all
return series are small, and the corresponding standard

Table 1 Summary statistics

deviations of returns are substantially higher. The
standard deviation of zinc return series is the largest,
which indicates that the return volatility of zinc is the
largest. The results of skewness, kurtosis, and
Jarque-Bera tests show that the distributions of
nonferrous metals returns are not normally distributed
and their returns are “left-skewed” and “fat tail”. In
addition, the results of ADF test show that all the return
sequences significantly reject the null hypothesis of unit
root exists, so all the return series are stationary.

4 Empirical analysis

4.1 Structural changes test

Following INCLAN and TIAO [15], WEN et al [22],
and EWING and MALIK [23], we use the ICSS
algorithm to test the structural changes of the nonferrous
metal return sequence. The returns of the nonferrous
metals series with structural changes and +3 standard
deviations are illustrated in Figs. 1, 2 and 3. In these
figures, all the nonferrous returns have many points of
structural changes in volatility. And copper return
sequence has 6 structural change points, while
aluminum return sequence has 14 structural change
points, and the zinc return sequence has 5 structural
change points.

The ICSS algorithm detection results of three kinds
of nonferrous metal price return sequence are listed in
Tables 2, 3 and 4. The copper return series in March 26,
2007 to June 30, 2015 period have 6 structural change
points in Table 2. In all structural change points, there are
two change points in 2008, while there are only 1
structural change in China’s rapid economic recovery
and development in 2009, 2010 and 2011. This indicates
that the impact of the financial crisis on copper return
sequence is huge.

As can be seen from Table 3, the aluminum return
sequence has 14 structural change points, resulting in 15
volatility regimes. Most of points appeared in 2007, 2008,
and 2009. Meanwhile, the variance of each volatility
regimes is quite large during the financial crisis.

In Table 4, zinc has 5 structural change points.
There is no structural change point in 2012. This is due
to the fact that the run time of zinc futures market is
short in 2008, so the financial crisis did not have a clear
influence on zinc market.

Variate Mean Std. Skewness Kurtosis Jarque-Bera ADF-test obs
R Cu, —0.02 1.53 —0.32 5.76 670.09 *** —29.69%** 2010
R Al —0.02 0.93 —0.68 11.32 5960.45 *** —47.68 *** 2010
R 7Zn, —-0.03 1.60 -0.51 5.90 791.69 *** —30.05%** 2010

*** denotes significance at 1% level.
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Fig. 1 Daily return of copper (Red solid line and green solid

line at £3 standard deviations, change points estimated using

the ICSS algorithm)

(=T S AN

R_Al

i—

ik
_2_ ‘

-6 \,

28007 2008 2009 2010 2011 2012 2013 2014 2015
Time

Fig. 2 Daily return of aluminum (Red solid line and green solid

line at £3 standard deviations, change points estimated using

the ICSS algorithm)
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Fig. 3 Daily return of zinc (Red solid line and green solid line
at +3 standard deviations, change points estimated using the
ICSS algorithm)

During the 2008 financial crisis, both copper and
aluminum had a number of change points. That is due to
the global economic downturn caused by the financial
crisis, resulting in demand of nonferrous metals
declining. As a result, China’s nonferrous metals prices
decline sharply, and generate a number of prices change
points. Afterwards, with the recovery of the global
economy in 2009, the market demand for nonferrous
metals and other commodities increases gradually.

Table 2 Structural changes in volatility: R Cu, series

Mechanism Period Std.
1 2007-03-26—2008-01-18 3.4643
2 2008-01-19-2008-09-24 1.4389
3 2008-09-25-2009-09-01 7.1035
4 2009-09-02—2010-11-21 2.4233
5 2010-11-22—-2011-09-14 1.2066
6 2011-09-15-2012-02-06 5.1487
7 2012-02-07-2015-06-29 0.9167

Table 3 Structural changes in volatility: R_Al, series

Mechanism Period Std.
1 2007-03-26—2007-07-18 0.4572
2 2007-07-19-2007-10-17 0.1956
3 2007-10-18-2008-09-10 0.8481
4 2008-09-11-2009-01-07 6.0439
5 2009-01-08—2009-03-11 1.2661
6 2009-03-12—-2009-04-29 4.6189
7 2009-04-30—-2009-07-21 0.5778
8 2009-07-22—-2009-08-23 5.1450
9 2009-08-24-2009-12-30 0.4554
10 2009-12-31-2010-11-16 1.3332
11 2010-11-17-2011-07-21 0.2404
12 2011-07-22-2011-10-23 1.2327
13 2011-10-24-2012-07-02 0.2743
14 2012-07-03—2014-01-08 0.1251
15 2014-01-09-2014-06-29 0.3895
Table 4 Structural changes in volatility: R_Zn, series
Mechanism Period Std.
1 2007-03-26—-2009-09-02 4.5795
2 2009-09-03-2012-03-05 3.2701
3 2012-03-06—2013-07-16 0.5246
4 2013-07-17-2014-06-18 0.1963
5 2014-06-19-2014-11-03 1.1140
6 2014-11-04-2014-06-29 0.5880

Moreover, the loose fiscal policy prompts the rise of the
nonferrous metal prices. At the same time, China enters
the golden era of the development of manufacturing
industry, the demand for nonferrous metals increases,
resulting in nonferrous metal price return structural
mutation. But not for much longer, China’s economic
growth started to slow down in 2013, which led to the
nonferrous metal price change in 2013 and 2014. As can
be seen from these tables, the financial crisis period has
brought the most change points, which shows that the
financial crisis has the most obvious influence on the
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price volatility of nonferrous metals. At the same time,
comparing the standard deviation of volatility regimes,
we find that the volatility risk in the crisis period is far
greater than in the other periods.

4.2 Analysis of volatility clustering under structural

changes

For further investigation of nonferrous metal return
volatility structure, structural changes are introduced to
the univariate GARCH model. Analyzing the coefficient
structural changes of the univariate GARCH model with
structure changes, we study the influence of the
structural changes on the return series of the nonferrous
metal. The estimation results of the univariate GARCH
model without the structural changes and with the
structural changes are listed in Tables 5, 6 and 7. The left
panel of these three tables presents the results from
fitting a GARCH model. The right panel of the tables
shows the results of a GARCH model with structural
changes.

Table 6 Estimation results of univariate GARCH model: R_Al,
R Al

Parameter Without structural With structural

changes changes
) —0.0195 —0.0172

A —0.0857 *** —0.0800 ***

¢ 0.0205 *** 0.9882 ***

a 0.2019 *** 0.1539 ***

s 0.7929 *** 0.8279 ***
atp 0.9949 0.9817

Dummy —0.9400**
Half-life 134.5329 37.6143

Log-likelihood —2158.8400 —2146.8200
AIC 2.1541 2.1432
ARCH(5) 0.2594 0.2463

*** and ** denotes significance at 1% and 5% levels, respectively.

Table 7 Estimation results of univariate GARCH model: R Zn,
R Zn,

Table 5 Estimation results of univariate GARCH model: R Cu, Parameter Without structural With structural
R Cuy, changes changes
Parameter Without structural With structural a1 —0.0013 —0.0051
changes changes 2 —0.0774 *** —0.0746 ***
€ ~0.0236 ~0.0244 e 0.2509 *** 0.0055 ***
4 00507 %= 00477 %% a 0.0925 *#+ 0.0914 *#+
e 0.0315 *** 1.5830 *** 5 0.8723 #4+ 0.8717 +++
« 0.0966 *** 0.0917 %% atf 0.9648 0.9630
B 0.8907 *** 0.8931 *** Dummy 00478
atp 0.9873 0.9848 Half-life 19.3346 18.4073
Dummy 1,552+ Log-likelihood ~3344.4700 ~3341.6100
Half-life 54.3907 45.1078 AIC 3.3345 33326
Log-likelihood ~ ~3380.3800 ~3377.3800 ARCH(S) 02113 02997
AIC 3.3702 3.3682 **% denotes significance at 1% level.
ARCH(5) 0.2215 0.1259

otf is used to measure the volatility clustering. The formula for calculating
the half-life is half-life=(1g(1/2))/Ig(a+f), which indicates the time required
for a half-life time when the volatility clustering occurs. *** and ** denote
significance at 1% and 5% levels, respectively.

In Table 5, it can be seen that coefficients o and f of
the GARCH model are significant. The o+f of the
univariate GARCH model without structural changes is
0.9873, which suggests that copper market has volatility
clustering phenomenon. However, the a+f is 0.9848 in
GARCH model with structural changes. When the
structural changes are accounted for, the a+f becomes
small. This means that the volatility clustering of the
copper weakens, which indicates that the volatility of
copper comes from external shocks. The estimate result
of dummy coefficient is 1.552 in GARCH model with
structural changes, which also indicates that the external

shocks have the influence on the volatility. In addition,
we choose half-life index proposed by EWING and
MALIK [23]. The change of half-life index reflects the
impact of the external shock caused by the sudden event
or the new information from the market. In Table 5, we
find the half-life of shocks changes dramatically from
about 54 days to about 45 days when the structural
changes are taken into account. This implies that a shock
is expected to lose half of its original impact in few days
after accounting for structural changes.

For aluminum return series, the estimate result of
o+f in the univariate GARCH model without structural
changes is 0.9949, showing that volatility clustering
phenomenon exists in the aluminum returns sequence,
which is more aggregate than that of copper market. The
o+ of the univariate GARCH with structural changes is
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0.9817, indicating that the return sequence volatility
clustering phenomenon drops when considering
structural changes. Compared with copper, aluminum is
more vulnerable to the impact of external shocks.
Meanwhile, the dummy coefficient of the structure
change model with change points is —0.94, which shows
that external shocks have a negative impact on the
volatility. The impact of external shocks on the
aluminum price volatility in the half-life decreases from
the 134 weeks to 37 days, which is a sharp decline.

For zinc series, the a+f of the univariate GARCH
model without structural changes is 0.9648, also
indicating that volatility clustering phenomenon exists in
zinc volatility structure sequence. And zinc volatility
clustering phenomenon is the weakest among the three
kinds of nonferrous metals. In the case of univariate
GARCH model with structural changes, the atf is
0.9630, which implies that the external shocks affect the
volatility of zinc market. The dummy coefficient of the
univariate GARCH model with structural changes is
—0.2478, which shows that external shocks have a
negative impact on the volatility. In addition, the half-life
of the external shock to zinc prices falls from 19 days to
18 days.

From the these three tables, we can find that when
the structural changes of nonferrous metal prices return
are ignored, the nonferrous metal prices sequences
present a large number of volatility clustering
phenomena. However, the volatility clustering of various
nonferrous metals drops to a certain degree when the
structural changes are taken into consideration. These
results suggest that external shocks affect the volatility
clustering of nonferrous metals.

For volatility clustering reflecting by half-life index,
the results are similar to the findings of AGGARWAL
et al [16], EWING and MALIK [23]. Ignoring the
structure change will overestimate the single market
volatility clustering, indicating that the market volatility
clustering mostly comes from the impact of external
shocks. At the same time, according to the level of
weakening of nonferrous metal prices fluctuation
agglomeration, it can be found that aluminum price
volatility clustering decreasing degree is the largest
compared with copper and zinc after considering
structure change. This shows aluminum has more
significant response to external shocks, thus indicating
that the aluminum is the most sensitive to the external
shock.

Additionally, the ARCH test results are not
significant, indicating that all the GARCH models have
effectively eliminated the conditional variance of the
original sequence. After considering the structure
changes, the estimation result of log-likelihood
(maximum likelihood function value) of model increases

and AIC values decrease, which demonstrates that
considering the structural changes in the univariate
GARCH model performs better than ignoring structural
changes in the basic univariate GARCH model.

4.3 Analysis of volatility dynamic correlation under
structural changes

The estimatation results of the DCC-GARCH model
without structural changes and with structural changes
are presented in Tables 8, 9 and 10. As shown in the three
tables, the coefficient is significantly at 10% of the
significance levels in the two models. Dynamic
conditional correlation coefficients are found among
nonferrous metal markets, namely volatility in
nonferrous metal price returns transfer intensity changes
along with the time change.

From the table in the log-likelihood and AIC, it can
be seen that the DCC-GARCH model with structural
changes performs better than the DCC-GARCH model
without structural changes, which consists with the
finding of EWING and MALIK [23] whom found that
the BEKK model considering structural changes
performed better than the BEKK model ignoring
structural changes, namely in the ARCH type models
with sequence change will improve the model
performance.

Table 8 Estimation results of DCC-GARCH model: Cu and Al

Cu and Al
Parameter Without structural ~ With structural
changes changes
0, 0.0271** 0.0274***
0, 0.9642%** 0.9638**
0,+0, 0.9913 0.9912
Log-likelihood —5115.1543 —5115.0805
AIC 5.0897 5.0896
Constant correlation
0.5400 0.5500

coefficient

*** and ** denotes significance at 1% and 5% levels, respectively.

Table 9 Estimation results of DCC-GARCH model: Cu and Zn

Cu and Zn
Parameter Without structural ~ With structural

changes changes

0, 0.0268*** 0.0269***

6, 0.9659*** 0.9657***
6,+6, 0.9927 0.9925

Log-likelihood —5900.4648 —5152.3274

AIC 5.0769 5.8711
Constant correlation 07293 0.7294

coefficient

*** denotes significance at 1% level.
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Table 10 Estimation results of DCC-GARCH model: Al and Zn

Al and Zn
Parameter Without structural ~ With structural

changes changes

0, 0.0501** 0.0505%*

0, 0.9226 * 0.9221 *

0,+6, 0.9727 0.9726

Log-likelihood —5076.9359 —4328.4125

AIC 5.0517 4.2571
Conszf‘)‘:f;ggiltauon 0.5462 0.5458

** and * denotes significance at 5% and 10% levels, respectively.

The dynamic conditional correlation coefficients of
volatility of the nonferrous metals are described in
Figs. 4, 5 and 6. As can be seen from these three figures,
the volatilities of copper and aluminum, copper and zinc,
aluminum and zinc prices are volatile with time
variation.

As can be seen from Fig. 4, the volatility dynamic
correlation of copper and aluminum is time-varying.
During the financial crisis, the volatility correlation
coefficients of copper and aluminum decrease. However,
the correlation between the two markets rises to 0.8 in
the economic recovery period around 2010. After the
economic recovery and rapid development period, the
relevance of copper and aluminum declines.
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As can be seen from Fig. 5, the dynamic correlation
of copper and aluminum weakens during the financial
crisis, and the minimum correlation coefficient is 0.4.
Nevertheless, with the economic recovery, the
correlation between the two markets rises to a relatively
stable state. Since the beginning of September 2013, the
correlation has a relatively large range of fluctuations. In
general, there is a downward trend in the volatility
dynamic correlation. In June 2014, the correlation
decreases to 0.15.

As can be seen from Fig. 6, the dynamic correlation
of aluminum and zinc is high. During the financial crisis,
the volatility correlation reaches 0.6 (April 30, 2008).
However, the dynamic correlation of aluminum and zinc
falls to 0.09 in July 15, 2008. During the economic
recovery period, the correlation between aluminum and
zinc has increased, and the volatility of the two shows a
downward trend since 2013.

As can be observed from the three figures, among
three couple of markets there exists frequent and high
volatility dynamic correlation. In addition, three couples
of price dynamic correlation decreases during the
financial crisis. The dependence is enhanced during the
upside economic period, while the correlation appears in
decreasing during the economic slowdown. The reason
why there is frequent and violent volatility correlation in
nonferrous metals is that the three nonferrous metals
have a strong alternative and complementary. The
markets show high volatility during the economic
downturn period. Meanwhile, the investor’s risk-averse
level increased and commodity futures price dumped,
which results in nonferrous metals and other
commodities prices sharply diving. Simultaneously, the
degree of correlation between the volatility of nonferrous
metals also decreases when the market demand for
nonferrous metals falls. Nevertheless, the demand for
nonferrous metals in manufacturing and other industries
increases in the economic recovery period. The
complementary and alternative features of nonferrous
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metals gradually are obvious, and the correlation among
the volatility of nonferrous metals prices begin to
increase. Until 2013, with the emergence of China’s
economic development short board, nonferrous metals
are affected by the excess capacity, energy saving and
emission reduction factors. And the nonferrous metals
prices have been volatile, which causes the three
nonferrous metal prices volatility correlation to increase.

Furthermore, it can be observed that there exists a
positive dynamic fluctuation correlation among three
couple of price series, and nonferrous metal prices rise
and fall at the same time. Similarly, for a certain
alternative among the three nonferrous metals, the prices
have positive correlation, then show the same rise and
fall. For the three groups of price volatility dynamic
correlation, that of copper and zinc is relatively flat and
maintains at a high correlation, but that of aluminum and
zinc, and that of aluminum and copper are more intense.
This is mainly due to the sensitivity of aluminum prices.

We can see that considering structural changes and
ignoring structural changes, the overall trend of the
volatility correlation of nonferrous metals is not
significant. These results suggest that volatility dynamic
correlation of nonferrous metals has received little effect
of the external information, which means that volatility
dynamic correlation of nonferrous metal mainly depends
on the inner link of the nonferrous metal itself.

5 Conclusions

1) A number of structural change points appear in
the return series of copper, aluminum and zinc, and
aluminum has the most change points among these three
nonferrous metals. Additionally, more change points
appear during the financial crisis period. And the
volatility risk in nonferrous metals is the largest during
the financial crisis.

2) The price of nonferrous metals has obvious
volatility clustering. Furthermore, the degree of volatility
clustering of the nonferrous metals declines by
considering the structural changes, which shows that the
external shocks have a certain impact on the volatility of
nonferrous metals.

3) There is frequent and high positive volatility
dynamic correlation in the three nonferrous metals
market. Moreover, the volatility correlation changes with
the economic cycle. Nevertheless, when considering the
structural changes in DCC-GARCH model, the volatility
dynamic correlation among the price of nonferrous
metals has been virtually unchanged, which shows that
the dynamic correlation of the nonferrous metals is
mainly determined by the intrinsic link of the nonferrous
metals.

4) A close correlation exists in various nonferrous

metals prices. When investors invest a kind of nonferrous
metal futures, they should consider the price of other
nonferrous metal market.
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