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Abstract: The objective of our paper is to show that gold and exchange rate volatility is predictive of 

stock volatility from both in-sample and out-of-sample perspectives. There exists very significant 

predictability from gold and exchange rate volatility to Hang Seng Index (HSI) return volatility 

among in-sample results. The out-of-sample results demonstrate the gold and exchange rate volatility 

extracts significantly useful information for Hang Seng Index (HSI) return volatility. Furthermore, 

the performance of the predictive ability of gold and exchange rate volatility is robust during 

business cycles and incremental framework. 
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1. Introduction 

Modeling and forecasting stock market volatility is an important research topic in financial 

markets. Because stock market volatility plays key roles in market timing decisions, portfolio 

selection, asset pricing and risk management.  

Since the seminal study in Schwert [1], extensive research has been carried out on the economic 

sources of financial volatility (e.g., Diebold and Yilmaz [2], Christiansen et al. [3], Paye [4], Engle et 

al. [5], Conrad and Loch [6], and Nonejad [7], Wang et al. [8,9], Zhang et al. [10]). However, 

Paye [4] shows that although some variables in theory (such as national debt spreads and default 

gains) will affect the volatility of stocks, it is difficult to find a single variable that can predict stock 

volatility. In particular, adding any macro variable to the baseline autoregressive model does not 

significantly improve the performance of out-of-sample prediction. The failure of the predictive 

power of each basic variable in stock volatility prompted scholars to find new predictors. Feng et 
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al. [11] showed the oil volatility risk premium does indeed exhibit statistical and economic 

significance from the in-sample and out-of-sample prediction capabilities in G7 countries. Crude oil 

volatility is found to be an efficient predictive of stock volatility in the short-term in Wang et al. [12] 

from an out-of-sample perspective. Dai et al. [13] find that the implied volatility of stock market can 

provide efficient predictability for the stock return volatility in 5 developed economies. 

Inspired by Feng et al. [11], Wang et al. [12] and Dai et al. [13], we find that three new variables, 

gold volatility, exchange rate volatility, US dollar index(DXY), can strongly predict stock volatility 

of Hang Seng Index (HSI) which is significant in different sampling periods. Gold as a leading 

candidate since it receives widespread attention in finance. Baur and Lucey [14] show that gold is a 

hedge against stocks on average and a safe haven in extreme stock market conditions. Another study 

on this specific topic was by [15,16], who examine the role of gold in the global financial system by 

testing the hypothesis that gold represents a safe haven against stocks of major emerging and 

developed countries. In addition, as oil price changes affect numerous economic variables, such as 

production costs, inflation, interest rates, investment, economic growth, terms of trade, and consumer 

and investor confidence. These economic variables affect both the exchange rate market and the 

stock market [17–20]. Because in international markets, oil prices are expressed in US dollars; thus, 

the dollar exchange rate may affect the price perceived by consumers and producers of oil and 

oil-related products. Pal et al. [21] apply the multifractal cross-correlation analysis method to 

investigate the cross-correlation behavior and fractal nature between two nonstationary time series, 

and put the hypothesis of gold as a safe haven in extreme currencies. Dynamic linkages and 

cross-correlation among oil price, gold price, exchange rate, and stock market are investigated by 

Jain and Biswal [22], Li et al. [23]. 

Although various research has studied information spillover between gold, exchange rate and 

stock volatility. Most papers use multiple GARCH models to study from the perspective of in-sample 

for different markets (e.g., Mishra et al. [24], Choi et al. [25], Walid et al. [26], Grobys [27], 

Oberholzer and Boetticher [28], Mensi et al. [29], Dai et al. [30], Choudry et al. [31], Maghyereh et 

al. [32]). However, it is generally known a predictive model enjoys good in-sample performance 

does not mean which can obtain excellent out-of-sample performance. In addition, the above 

mentioned papers focus on single spillover between gold and stock volatility, or exchange rate and 

stock volatility. In this paper, we will contribute to the literatures by focusing on the predictive ability 

of gold and exchange rate to stock volatility forecasting from both in-sample and out-of-sample 

perspective. 

Our survey complements the study of volatility modelling and prediction by providing new 

basic determinants of stock market volatility. Our findings also are helpful to understand the 

economic causes of changes in stock market volatility. Hong Kong stock market is an important 

stock market that ranked among the top 10 in the world by market capitalization. Meanwhile, Hong 

Kong stock market is the closest financial center in China, which has a significant interaction with 

the economy, politics, geography and other aspects of the mainland. It is clear that investigating the 

Hong Kong stock market can help us understand the impact of volatility on stock return in emerging 

markets. In addition, gold has attracted investors who have been paying attention to financial assets 

that provide diversified returns to currencies for decades. It can act as a safe haven against extreme 

currencies. The distinguishing feature of gold as a hedging or hedging asset is the dependence 

structure between gold and the exchange rate, especially the average and extreme market dependence. 

Therefore, investigating the predictive role of gold and exchange rates in the volatility of the stock 

market is of great benefit to regulation for international financial market. 

We use the daily price data from January 1989 to December 2018 for the Hang Seng Index (HSI) 
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and prices of London Spot Gold, New York Futures Gold and HKD/CNY, HKD/EUR, and the US 

dollar index (DXY). When we make an empirical analysis for full sample, a more significant 

in-sample prediction ability is found for gold and exchange rate. Using the extended AR(P) model 

with each predictor, we obtain the forecasts for out-of-sample stock returns volatility of HSI. 

Following the relative literatures, we use the out-of-sample 2R (
2

OoSR ) to evaluate the statistical 

performance of individual forecasts. We also employ the CW statistic proposed by Clark and West 

(2007) to inspect the statistical significance of stock return volatility predictability. Out-of-sample 

experiment results including different sample periods, business cycles, incremental framework show 

gold and exchange rate have good and robust out-of-sample performance. 

The remaining of this paper is as follows: we show the research data and descriptive statistics in 

Section 2. Section 3 presents the econometric methodology including in-sample regression model, 

out-of-sample forecasting approach and evaluation method. The empirical analysis about in-sample 

predictive ability, out-of-sample prediction performance is reported in Sections 4 and 5, respectively. 

Section 6 investigates robustness analysis. The conclusion is given in the last section. 

2. Data and statistical description 

We collect Hang Seng Index (HSI), London Spot Gold, New York Futures Gold from Wind 

Database (https://www.wind.com.cn/). The HKD/CNY, HKD/EUR, and the US dollar index (DXY) 

are downloaded from Hong Kong exchange rate data on the website of the Bank for International 

Settlements (BIS). In addition, we also collect the prices of Brent crude oil and West Texas 

Intermediate (WTI) crude oil from the Energy Information Administration.(www.eia.gov) which are 

studied in Wang et al [12]. The sample period of the data is from January 1989 to December 2018. 

Basic statistical descriptions of the main regression variables are listed in Table 1.  

Table 1. Basic statistics of the main regression variables. 

 HSI  WTI  Brent  LDgold NYgold HKD/CNY HKD/EUR DXY 

Mean 0.0053  0.0119  0.0103  0.0021  0.0022  0.0002  0.0008  0.02276  

Std 0.0093  0.0180  0.0164  0.0025  0.0024  0.0030  0.0007  0.00749  

Med 0.0027  0.0078  0.0068  0.0013  0.0014  0.0000  0.0007  0.02188  

Max 0.1013  0.2447  0.2468  0.0243  0.0196  0.0566  0.0061  0.05337  

Min 0.0004  0.0009  0.0006  0.0001  0.0001  0.0000  0.0001  0.00745  

Skew 6.5800  7.6220  9.3710  3.8490  3.2460  18.0630  3.0770  1.08400  

Kur 55.698  84.440  123.487  22.780  13.747  333.289  15.679  1.98300  

Num 360 360 360 360 360 360 360 360  

Note: This table reports the basic statistics of the main regression variables, and the rows in this table show the 

mean, standard deviation, median, kurtosis and skewness coefficients, range and number of observations. 

 

 

https://www.wind.com.cn/
http://www.eia.gov/
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Consistent with literatures (e.g., Schwert [1], Paye [4], Taylor [33], and Dai and Zhu [34]), we 

use the arithmetic square root of the sum of daily return squares as the agent of the monthly stock, oil, 

gold and exchange rate returns volatility. For a specific month t, the realized volatility (RV) can be 

computed as: 

                        
2

, , 1,2,...,
M

t t j

j i

RV r t T


  ,                            (1) 

where jtr ,  is the t-th daily return in the j-th month, and M is the number of business days per month. 

According to Andersen and Bollerslev [35], Andersen et al. [36,37], the realized volatility in (1) is 

less noisy and based on ex-post variance. Daily price data is used to build actual monthly volatility. 

3. Methodology 

3.1. Forecasting models 

Although the benchmark of historical average is popular. Following Paye [4], Conrad and 

Loch [6], Nonejad [7], and Wang et al. [9], for stock volatility forecasting, a standard benchmark is 

the following autoregressive model (AR): 
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where )log( tt RVV  , the error term 1t  is assumed to follow an independent and identically normal 

distribution.  

In order to study the predictability of gold, oil, and exchange rate volatility, we extend the AR(P) 

model by using the logarithm of gold, oil, and exchange rate volatility as additional predictors: 
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represents the logarithm of oil, gold, and exchange rate volatility at the t 

month, and the parameter  reflects the impact of oil, gold, and exchange rate volatility on future 

stock volatility, and , 1i t   denotes an error term assumed to follow an independent and identically 

normal distribution. 

3.2. Out-of-sample forecast and evaluation 

Following relative literatures (e.g., [38-49]), we employ the out-of-sample R-square ( ) to 

evaluate forecasting performance. It is calculated as the percentage reduction in the mean squared 

predictive error ( ) of the prediction model ( ) relative to that of the historical average 

benchmark ( ), that is 

                                                               (4) 
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 . Different from 

in-sample 
2R , the value of 

2

OoSR  can be equal to negative. Intuitively, a positive 
2

OoSR  indicates 

that the forecasts by tested model have lower MSPE than the benchmark model (2), implying the 

greater accuracy of stock return volatility predictability. 

In addition, we further assess the significance of predictability by applying the Clark and 

West [50] statistic to test the null hypothesis that  is smaller than or equal to against 

the alternative hypothesis that is larger than . The Clark and West [50] statistic is 

computed by first defining 

                                
2 22 ˆ ˆ

t t t t t t tf V V V V V V                              (5) 

then we obtain the statistic by regressing  on a constant. The statistics can be proved to be 

equivalent to the t-statistic of the constant, then we can use the upper-tail test for standard normal 

distribution to obtain the p-value. 

4. In-sample results 

Following Inoue and Kilian [51], in-sample predictability is necessary for out-of-sample 

predictability. It is unreasonable to find out the out-of-sample predictability with in-sample 

predictability absent. In order to eliminate this bias, the one-sided test proposed by Inoue and 

Kilian [51] is also carried out to test the null hypothesis of =0  against alternative hypothesis 

0  . 

Table 2 reports full sample regression results of stock realized volatility based on econometric 

model (3) where the coefficient of predictor, the Newey-West heteroskedasticity t-statistics (i.e. 

NW-t-statistics), and in-sample
2R statistics are shown. The estimation results for different lag order 

of the realized volatility of stock market return in model (3) are shown in Panels A, B, C, and D of 

Table 2. 

Being of our interest, the coefficient estimate of  is significantly negative at 10% level, 

regardless of whether oil, gold and exchange rate is included in the predictive model, indicating the 

in-sample predictability from oil, gold and exchange rate to stock volatility. What we can see is 

that all the NW-t-statistics are all greater than 1.40, which show the predictive ability of oil, gold 

and exchange rate is significant at 10% level. In addition, Campbell and Thompson [38] argue that 

a monthly 𝑅2 statistics near 0.5% can represent an economically significant predictability. All 

in-sample 𝑅2 statistics of gold and exchange rate are greater than this threshold, indicating the 

realized volatilities of gold and rate display powerful predictive abilities.  

Overall, oil, gold and exchange rate exhibit significant predictability for the realized volatility 

of HSI. However, compared with oil, gold and exchange rate have stronger predictive ability, 

except for HKD/CNY. Among the seven predictors, the largest predictive ability is the US dollar 

index (DXY). Meanwhile, we can see that different lag orders of the realized volatility of stock 

market return in model (3) have some impact on volatility prediction where the lag order 6 is the 

best. 
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Table 2. In-sample regression results. 

 Wti Brent LDgold NYgold HKD/CNY HKD/EUR DXY 

Panel A:lags=1       

beta -0.0752* -0.0942* -0.1281** -0.1316** -0.1363* -0.1679** -0.1686** 

NW-t-value 1.4276 1.4919 1.7304 1.9972 1.5757 2.0849 2.2184 

 0.4599 0.4503 0.5212 0.5276 0.4589 0.5626 0.5763 

Panel B:lags=3       

beta -0.0813** -0.0105** -0.1303** -0.1321** -0.1452** -0.1694*** -0.1765*** 

NW-t value 2.0607 2.1114 2.2055 2.2820 2.3142 2.3499 2.7066 

 0.4792 0.4793 0.5792 0.5791 0.5291 0.5793 0.5803 

Panel C:lags=6       

beta -0.0945** -0.0915*** -0.1692*** -0.1402*** -0.1607*** -0.2732*** -0.2486*** 

NW-t value 2.3892 2.3803 4.0207 4.0776 4.0583 4.4897 4.8216 

 0.6223  0.6324 0.7023 0.7024 0.6425 0.7026 0.7133 

Panel D:lags=9       

beta -0.0771* -0.0885* -0.1365** -0.1301** -0.1347** -0.1613** -0.1772** 

NW-t value 1.3511 1.4501 1.6935 1.6783 1.6360 1.7218 1.8042 

 0.4659 0.4526 0.5156 0.5282 0.4858 0.5465 0.5677 

Note: This table shows the in-sample regression results of Hong Kong stock market realized volatility using 

realized volatilities of oil, gold and exchange rate. The beta denotes the coefficients estimated by the OLS 

regression using model (3). Newey-West heteroskedasticity t-statistics calculated by the one-sided (upper-tail) 

hypothesis test and 𝑅2statistics are displayed the table. 

5. Out-of-sample results 

In financial practice, it’s of interest for market participants to learn the out-of-sample prediction 

performance as they pay more attention to how well the forecasting model will do in the future. 

Hence, we investigate whether adding oil, gold and rate volatility to the benchmark model (2) can 

significantly improve the forecasting accuracy. For stock volatility forecasting, it is obviously that 

different lag orders will have impact on the prediction ability. When we test the out-of-sample of 

seven predictors, we find that the lag order 6 also displays better out-of-sample performance which is 

consistent with in-sample results. Meanwhile, we can find that different lag orders have little effect 

on out-of-sample forecasting for stock return volatility for seven predictors. Therefore, we only 

report the out-of-sample performance for the lag order 6.  

Table 3 reports out-of-sample forecasting results based on recursive estimation windows over a 

variety of sample periods. We give the out-of-sample 𝑅2statistics as well as the P-values of CW test. 

All the out-of-sample 𝑅2statistics exceed 0.6. The largest 𝑅𝑂𝑆
2  is 4.0415 of the US dollar index for 

the out-of-sample period of 2014-2018 and the smallest is 0.6122 of Hong Kong dollar to RMB for 

the out-of-sample period of 19944-2018. In short, the descending sort of forecasting ability is: DXY, 

HKD/EUR, New York gold, London gold, WTI Oil, Brent Oil, HKD/CNY. At the same time, the 

value of
2

oosR
 
gradually increases over time. That is to say, the out-of-sample predictability of the 

realized volatility of oil, gold, and exchange rate is stronger as time goes on. 
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Table 3. Out-of-sample forecasting results. 

Out-of-sample 

period 
Wti Brent LDgold NYgold HKD/CNY HKD/EUR DXY 

1994-2018 0.6715*  0.6597*  1.0750**  1.0871**  0.6122*  1.1145**  1.3728**  

 (0.0532) (0.0521) (0.0490) (0.0445) (0.0593) (0.0423) (0.0405) 

1999-2018 0.8001*  0.8486*  1.1785**  1.1182**  0.8059**  1.5608**  1.8070**  

 (0.0514) (0.0505) (0.0367) (0.0361) (0.0373) (0.0245) (0.0204) 

2004-2018 1.0927**  1.1125**  1.3285**  1.5593**  1.0053**  1.9212**  2.0793**  

 (0.0309) (0.0301) (0.0224) (0.0247) (0.0232) (0.0154) (0.0132) 

2009-2018 1.7709**  1.8964** 2.2793**  2.4783**  1.7234**  2.8740**  3.0574**  

 (0.0288) (0.0274) (0.02011) (0.0202) (0.0206) (0.0165) (0.0127) 

2014-2018 2.3156 ** 2.2315**  2.6846**  2.7447**  2.3377**  3.4288***  4.0415***  

 (0.0191) (0.0184) (0.0105) (0.01405) (0.0162) (0.0085) (0.0041) 

Note: This table reports the out-of-sample performance, recursive window. The forecast performance is evaluated 

by the out-of-sample R
2
 defined by the percent reduction of MSPE of the forecasting model (3) relative to the 

benchmark model of autoregressive (2). P-values of CW test is in brackets. 

6. Robustness tests 

6.1. Business cycles 

The predictability of stock return volatility is dependent of business cycles (e.g. Neely et al. [39], 

Zhang et al. [52,53], and Choudhry et al. [54]). In view of this, it is worth for us to investigate 

whether the predictability of the stock market is different during the period of business expansion 

and recession. Specifically, we compute 
2

O ,O S cR  statistics individually for expansion and recession 

where 
2

O ,O S cR
 
is defined as follow: 
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  for c = EXP, REC              (6) 

where 𝐼𝑐  is an indicator which takes the value of one when the economy in the month t is an NBER 

dated expansion (recession) and zero otherwise. In this subsection, we only report the 
2

O ,O S cR

statistics for the out-of-sample period of 2004:01-2018:12. 

Table 4 reports 
2

O ,O S cR statistics for the forecasting of realized volatility during economic 

expansion and recession periods, respectively. The out-of-sample 
2

O ,O S cR statistics of economic 

recession are greater than expansion period. All out-of-sample 
2

O ,O S cR statistics during the recession 

period exceed 1.4%, while all out-of-sample 
2

O ,O S cR statistics during the expansion period are less 

than 0.7%, which indicate the explanatory power of independent variables mainly derives from the 

economic recession. Meanwhile, the realized volatility of DXY still demonstrates the best predictive 

ability. 
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Table 4. Out-of-sample forecasting for economic expansion/recession. 

 Wti Brent LDgold NYgold HKD/CNY HKD/EUR DXY 

 0.37406**  0. 4162**  0.54770***  0.56171***  0.5263**  0.4730***  0.6678***  

 1.8332***  1.4058***  2.0372***  2.0250***  1.8572***  2.9557***  3.4326***  

2

OO SR
 1.2258***  1.2510***  1.5293***  1.8805***  1.3265***  1.9364***  2.3847***  

Note: This table reports the out-of-sample performance of business cycles. The forecast quality is evaluated by the 

out-of-sample R
2
 defined by the percent reduction of MSPE of the given model relative to the benchmark model of 

autoregressive. The *, ** and *** reports significance at 10%, 5% and 1% levels, respectively. The out-of-sample 

period is 2004:01-2018:12. 

Overall, the predictability of stock realized volatility based on oil, gold, and exchange rate is 

stronger during economic recessions than that during economic expansions. The higher the 
2

OO SR  

statistics for economic recessions all exceed 1.4% for the full-sample benchmark while for economic 

recessions all below 0.7%. From this we can see that the explanatory power of oil, gold, and 

exchange rate mainly comes from its predictive power at economic recession periods. In recessions, 

aggregate risk is significantly higher and, consequently, investors care more about aggregate shocks. 

In expansions, aggregate risk is significantly lower and, consequently, investors care more about 

idiosyncratic shocks. This framework implies that the predictive information of economic 

fundamentals is linked to the observed state of the business cycle. 

6.2. Predictability in an incremental framework 

In addition to the traditional test, Chen et al [55] argue that it is also meaningful to capture 

predictive ability in incremental model: 

+1 ,t t i t tV V X                                  (7) 

where ∆Vt−1 represents the innovation in stock real volatility. Unlike the benchmark bivariate 

model, this incremental model focuses on the predictability of incremental framework. 

Table 5 shows the in-sample and out-of-sample results of stock market realized volatility 

using realized volatilities of oil, gold and exchange rate in the incremental model (7). As can be 

seen from panel A, all the coefficients of realized volatilities of oil, gold and exchange rate are 

positive and exceed 0.10. Especially, the coefficients of DXY reaches 1.17. According to the 

P-value and NW-t-value statistics, we find that the confidence level of all independent variables is 

much higher than 10% level, which means that almost every independent variable has strong 

explanation. The out-of-sample results are reported in percentage at the bottom of Table 5. It can be 

seen that all of 
2

oosR statistics exceed 1, and the 
2

oosR values of HKD/EUR and DXY are even more 

than 3%, which again indicates the predictability of the independent variable. The 
2

OoSR  statistics 

exceed 1%, which indicates that the forecasts by tested model have lower MSPE than the 

benchmark model (2), implying the greater accuracy of stock return volatility predictability than 

the benchmark model (2). 
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Table 5. Predictability for the incremental model. 

 Wti Brent LDgold NYgold HKD/CNY HKD/EUR DXY 

Panel A: in-sample results for full sample periods 

   
0.1742  0.1837* 0.1774* 0.1738  0.1956* 0.1775* 0.1718* 

P-value (0.0568) (0.0573) (0.0570) (0.0570) (0.0579) (0.0566) (0.0565) 

NW-t value [1.6421] [1.6733] [1.6629] [1.6120] [1.7023] [1.6871] [1.6562] 

   
0.1616** 0.1285** 0.3550*** 0.3644** 0.1665*** 0.8672*** 1.1712*** 

P-value (0.0383) (0.0413) (0.0921) (0.0937) (0.1383) (0.2000) (0.2501) 

NW-t value [2.4352] [2.1100] [2.6011] [2.2025] [-2.9399] [3.5996] [3.5256] 

R
2
 0.5693 0.5633 0.6913 0.7029 0.5461 0.6943 0.7704 

Panel B: out-of-sample results for 2004:01-2018:12. 

2

OO SR
 1.5687**  1.6007**  2.2161**  2.6918**  1.5360**  3.1209***  3.2146***  

Note: This table reports the out-of-sample performance in an incremental framework. In-sample results are reported 

in panel A. The beta denotes the coefficients estimated by the OLS regression using model (7). Out-of-sample 

results are reported in panel B where the forecast quality is evaluated by the 
2

oosR . The *, ** and *** reports 

significance at 10%, 5% and 1% levels, respectively. 

7. Conclusion 

In this paper, we aim to show that gold and exchange rate volatility are predictive of stock 

volatility from both in-sample and out-of-sample perspectives in Hong kong stock market. We use 

daily data spanning January 1989 to December 2018 for the Hang Seng Index (HSI) and prices of, 

London Spot Gold, New York Futures Gold and HKD/CNY, HKD/EUR, and the US dollar index 

(DXY). The squared daily returns in each month are summed to construct monthly realized volatility. 

Our in-sample results show there exists very significant predictability from gold and exchange rate 

volatility to stock volatility in full sample period. We use recursive estimation window to generate 

one-step-ahead out-of-sample forecasts of stock volatility. Out-of-sample experiment results 

including different sample periods, business cycles, incremental framework show gold and exchange 

rate have good out-of-sample prediction performance. 

Following Paye [4], Conrad and Loch [6], Nonejad [7], and Wang et al. [9], the AR model the 

error term is assumed to be independent identical normal distribution. Because the noise could be 

white noise or any other forms in practical application, it may limit the ability of the model. A more 

robust approach with detailed merit will be investigated in the future work. 
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