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Abstract 

We investigate whether and to what extent macroeconomic uncertainty predicts the 
volatilities of commodity futures. By examining 15 commodities in 5 categories, we 
find that the measure of aggregate macroeconomic uncertainty based on a large dataset 
has sizable predictive effects for commodity volatility. The predictive relationship holds 
both in-sample and out-of-sample after controlling for lagged volatility. However, the 
extent of predictability differs across commodities, with energy and metals futures 
exhibiting the most significant effects. For all commodities, the improvement in 
forecasting is more pronounced after 2005 and during recession periods.  
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1. INTRODUCTION 

Since the financialization of commodity markets starting in the early 2000s, 

commodity futures have emerged as a popular asset class for speculation and asset 

management purposes (Basak and Pavlova, 2016; Christoffersen et al., 2017; Tang 

and Xiong, 2012). This prompts interest in the volatility predictability of commodity 

futures markets because commodity volatility is a determinant of portfolio allocation 

(Singleton, 2014; Büyükşahin and Robe, 2014), risk management (Conover et al., 

2010), derivatives pricing (Cortazar et al., 2016), and core macroeconomic quantities 

(Kilian, 2009). 

In this paper, we investigate whether macroeconomic uncertainty predicts 

commodity volatility. Our study contributes to two strands of literature. The first is 

the literature on commodity volatility predictability by macroeconomic variables. 

Christiansen et al. (2012) show that interest rate is a useful predictor when forecasting 

the volatility of Standard & Poor’s GSCI commodity index. Hammoudeh and Yuan 

(2008) find that rising interest rates tend to reduce the volatilities of gold, silver, and 

copper. Foreign exchange variables play an important role in influencing commodity 

volatilities as well. The U.S. dollar impacts gold volatility (Tully and Lucey, 2007). 

The exchange rates of small commodity exporters possess predictive power for global 

commodity prices, this relationship holds both in-sample and out-of-sample (Chen et 

al., 2010). Shang et al. (2016) claim that foreign exchange variable prices commodity 

futures and contains information about future movements in commodity markets. 

Variables relevant to inflation and industrial production may also affect commodity 

return and volatility. For example, Bailey and Chan (1993) give evidence that 

inflation and industrial production risk earn risk premiums in commodity markets. 

Another strand of the literature has examined the impact of macroeconomic 

uncertainty on commodity markets. The channels vary across commodity categories. 

For industrial inputs, price fluctuations are driven mainly by demand shocks triggered 

by uncertainty about the future. Take crude oil as an example. Precautionary demand 

shocks caused by uncertainty drive price fluctuations (Kilian, 2009). Macroeconomic 

uncertainty may be transmitted to the prices of precious metals, which are commonly 

regarded as hedge investments against foreign exchange or reserve assets, via 

exchange rates and portfolio rebalancing. As an important precious metal, gold has 

been a reserve asset for centuries, particularly in times of economic uncertainty 

(Aggarwal and Lucey, 2007). Capie et al. (2005) find that gold serves as a hedge 

against the dollar and that the extent to which gold acts as an exchange hedge depends 

heavily on the unpredictable political events. In addition to USD, gold also serves as a 

hedge investment against GBP exchange rates (Ciner et al., 2013). In terms of 

portfolio rebalancing, economic uncertainty makes stock returns more volatile, 

leading investors to rebalance their portfolios in favor of a safe-haven like gold, 

which results in an increase in the price of gold. As uncertainty leads to an increase in 

current gold volatility, future gold volatility increases because the volatility of gold is 

highly persistent (Fang et al., 2017). Reboredo and Uddin (2016) and Joëts et al. 



(2017) provide evidence of the safe-haven role of gold when facing economic 

uncertainty. 

The empirical literature has used several measures of economic uncertainty to 

investigate the impact of economic uncertainty on commodity futures. The S&P 500 

turnover, a common proxy for dispersion in opinion (Scheinkman and Xiong, 2003) 

and hence a potential indicator of uncertainty about future market valuation, is a 

useful predictor of commodity volatilities (Christiansen et al. 2012). The economic 

policy uncertainty (EPU) index, proposed by Baker et al. (2016), has predictive power 

for commodity returns (Wang et al., 2015; Reboredo and Wen, 2015). Yin and Han 

(2014) find that the relationship between uncertainty and commodity prices varies 

over time, with a large change occurring after the 2008-2009 global financial crisis. 

Antonakakis et al. (2014) find a negative relationship between the EPU index and oil 

price shocks. The GEPU index, proposed by Davis (2016) and based on the EPU 

index, measures a GDP-weighted average of national economic policy uncertainty. 

Fang et al. (2017) suggest that the GEPU index has a positive influence on gold 

volatility, which is significant in both the statistical and the economic sense. The 

aggregate macroeconomic uncertainty, put forth by Jurado et al. (2015), affects 

commodity price returns and the impact of macroeconomic uncertainty is more 

pronounced in volatile times (Joëts et al., 2017; Tan and Ma, 2017). Studies on the 

impact of the aggregate macroeconomic uncertainty in commodity futures markets 

focus on return predictability, however, the literature is silent on the ability of 

aggregate macroeconomic uncertainty to predict commodity volatility. In addition, the 

out-of-sample forecasting performance of aggregate macroeconomic uncertainty is 

usually ignored in the existing work. Our study fills this gap. 

In this paper, we use the aggregate uncertainty index of Jurado et al. (2015) to 

measure macroeconomic uncertainty. The aggregate macroeconomic uncertainty 

index, abbreviated as MacUnc, measures the conditional volatility of the purely 

unforecastable components of the future values of macroeconomic variables. Jurado 

et al. (2015) rely on a comprehensive dataset that includes 132 monthly 

macroeconomic series and 147 financial series to generate both the aggregate 

macroeconomic uncertainty index and the financial uncertainty index (FinUnc)2. We 

choose the aggregate macroeconomic uncertainty index for its two distinguishing 

features. Firstly, MacUnc measures the purely unforecastable components of 

macroeconomic variables, which makes it an indicator of uncertainty about economic 

fundamentals rather than economic fluctuations. Secondly, MacUnc measures the 

common variation in uncertainty across many macroeconomic variables, which is a 

superior measurement of macroeconomic uncertainty than the uncertainty in any 

single macro variable. 

We study whether MacUnc predicts the volatility of commodities in five classes, 

namely, energy, metals, grains, softs and livestock. Our main finding is that 

macroeconomic uncertainty significantly increases the forecasting power for 
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commodity volatility even after controlling for lagged volatility. This holds both 

in-sample and out-of-sample. However, the predictability improvement is not the 

same for all commodity classes and sample periods. Macroeconomic uncertainty is 

more powerful in forecasting the volatilities of energy products and metals and its 

predictive power is stronger after 2005 for all commodity categories. 

Specifically, full-sample analysis provides evidence that macroeconomic 

uncertainty helps to predict future volatility for all commodity categories. In general, 

a 1% rise in MacUnc results in a 22.1% increase in commodity volatility for the full 

sample and a 31.0% volatility increase when restricting the sample to after 2005. For 

energy products and metals, the two most affected commodity categories, a 1% 

increase in MacUnc increases volatility by 21.0% and 17.2%, respectively. These 

numbers go up to 31.2% and 29.7% in the years after 2005. Looking at the 

out-of-sample performance, a model that includes macroeconomic uncertainty beats 

the AR(1) benchmark for every commodity category and brings an overall 

improvement in accuracy of 9.59%. The augmented model achieves an even more 

pronounced improvement of 10.989% after 2005. 

The remainder of this paper is organized as follows. Section 2 describes the data 

sample, principal components and uncertainty indexes. Section 3 outlines the 

econometric framework. Section 4 presents the empirical results and Section 5 

presents our conclusions. 

 

2. DATA DESCRIPTION 

2.1. Measuring Commodity Futures Volatility 

The primary interest of our study is the prediction of the volatility of commodity 

futures. However, the integrated volatility series are unobservable. According to 

Andersen et al. (2003), if the number of intra-period observations is large enough, the 

realized volatility is an appropriate proxy for the latent integrated volatility. Thus, we 

use realized volatilities as the dependent variables in our predictive regressions. 

Following the notation in Christiansen et al. (2012), for each commodity, 𝑟𝑡,𝜏 

denotes the 𝜏th daily continuously compounded return in month t and 𝑀𝑡 is the 

number of trading days in month t, then the realized variance in month t is computed 

as the sum of the squared daily returns, ∑ 𝑟𝑡,𝜏
2𝑀𝑡

𝜏=1 . Thus we proceed by computing the 

monthly realized volatility as the log of the square root of the realized variance: 

𝑅𝑉𝑡 = 𝑙𝑛√∑ 𝑟𝑡,𝜏
2𝑀𝑡

𝜏=1 . 

We obtain daily trade data on commodity futures from Norgate Data3. Our dataset 

includes all available time periods for each commodity. The way we choose 
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commodity futures follows Christoffersen et al. (2017). Specifically, we focus on the 

three most heavily traded commodities in energy, metals, grains, softs, and livestock4. 

This results in a total of 15 commodities for our study: crude oil, natural gas, and 

heating oil for energy; gold, silver, and copper for metals; soybeans, corn, and wheat 

for grains; sugar, coffee, and cotton for softs; and live cattle, lean hogs, and feeder 

cattle for livestock. See Table I for the sample periods of the realized volatilities and 

other details on the selected 15 commodities. 

 

TABLE I      

Summary of Commodity Futures 

 

Note. This table shows the selected commodities in each category. For each 

commodity, the sample period is reported. We also report the symbol, exchange and 

number of observations for each commodity. 

 

2.2. Principal Component Analysis 

While it is essential to study the predictive power of macroeconomic uncertainty for 

the volatility of a single commodity, it is also important to identify the overall impact 

of macroeconomic uncertainty on a commodity category and on all commodities 

investigated. To this end, we compute the first principal component for the three 

commodity volatility series in each category, obtaining five principal components 

(denoted as PC. Energy, PC. Metals, PC. Grains, PC. Softs and PC. Livestock). We 
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also compute the first principal component for all 15 commodity volatility series 

(denoted as PC. All), resulting in six principal components in total. See Table II for 

the variance proportions and eigenvectors of the principal components. The principal 

components explain 67.4%, 66.2%, 74.2%, 46.0%, 73.6% and 30.7% of the 

cross-sectional variation in the volatilities of the selected energy, metal, grain, soft, 

and livestock commodities and all 15 commodities, respectively. 

 

 

 

TABLE II 

Variance Proportion and Eigenvector for Principal Component Analysis 

 

Note. The table shows the variance proportions and eigenvectors for the first principal 

component of energy, metal, grain, soft, livestock commodities and all 15 

commodities. Panel A gives the variance proportion explained by each principal 

component. The eigenvectors in Panel B describe the series of uncorrelated linear 

combinations of the commodity volatilities that contain the most cross-sectional 

variance in the volatilities of the corresponding category. 

2.3. Macroeconomic and Financial Uncertainty Indexes 

Our main predictive variable is the aggregate macroeconomic uncertainty index 

proposed by Jurado et al. (2015). We also use their financial uncertainty index for 

comparison. Both indexes are obtained from their website and cover the period from 

July 1960 to June 2017, which completely covers all available periods of the 15 

realized commodity volatilities. Thus, the sample periods for empirical study equal to 



the time spans of realized commodity volatilities, as shown in Table I. Motivated by 

the logarithmic form of the realized volatility, we take a natural logarithm of the 

uncertainty indexes. 

Table III reports summary statistics for the uncertainty indexes, realized 

commodity volatilities and principal components. The realized volatility series are 

highly persistent, as indicated by their large autocorrelation coefficients. Both 

uncertainty series show an even stronger persistence, with their autocorrelation 

coefficients approaching 1. To test for normality, we employ Jarque-Bera (henceforth 

JB) statistics. We also check the stationary of each series by applying the Augmented 

Dickey-Fuller (ADF) and Phillips-Perron (PP) tests. Both the ADF and PP statistics 

reject the null hypothesis of a unit root for every series. 

 

TABLE III 

Summary Statistics 

Note. The table reports summary statistics for two logarithmic uncertainty indexes, 15 

log realized commodity volatilities and 6 principal components. We report the mean, 

standard deviation, skewness, kurtosis, the first order autocorrelation coefficient, JB 

statistic, ADF statistic, PP statistic and the number of observations. ***, **, and * 

indicate rejection of the null hypothesis at the 1%, 5%, and 10% levels, respectively. 



 





Figure 1 shows the time trend of the macroeconomic uncertainty index (MacUnc) 

and the six principal components. We can see a lead-lag relationship between MacUnc 

and the principal components clearly, especially between MacUnc and PC. All and 

between MacUnc and PC. Energy. We can therefore infer that macroeconomic 

uncertainty may contain predictive information for commodity volatility. In addition, 

the forecasting performance of MacUnc is better after 2005, particularly for PC. 

Metals and PC. Grains. Thus, the predictive power of MacUnc may be heterogeneous 

across different classes of commodities and vary over time. We verify these 

conjectures in the following section. 

FIGURE 1 

Time Series Data for Principal Components and Macroeconomic Uncertainty Index 

Note. Figure 1 plots the macroeconomic uncertainty index (MacUnc) with six 

principal components: PC. Energy, PC. Metals, PC. Grains, PC. Softs, PC. Livestock, 

and PC. All. For each subfigure, the principal component is the solid line and MacUnc 

is the dashed line. 

 

3. Econometric Framework 

We apply standard univariate predictive regressions for the realized volatility of 

commodity 𝑖: 

𝑅𝑉𝑖,𝑡 = 𝛼 + 𝛽𝑅𝑉𝑖,𝑡−1 + 𝛾𝑈𝑡−1 + 𝜀𝑖,𝑡. 

𝑅𝑉𝑖,𝑡 denotes the monthly realized volatility of commodity 𝑖 in month 𝑡 (we also 

use principal components as dependent variables in latter analysis). Our forecasting 

variable, 𝑈𝑡−1 , is the lagged macroeconomic uncertainty index. The financial 

uncertainty index is used as the forecasting variable in section 4.4. for comparison. 

Our primary interest is the magnitude and significance of 𝛽 . All variables are 

standardized before regression so that we can compare the magnitude of 𝛽 across 

different commodities directly. 

Volatility is persistent, which makes it important to include an autoregressive 

term in the predictive regression when investigating whether macroeconomic 

uncertainty possesses additional predictive power beyond the information contained 

in the lagged volatility. Many studies apply similar approaches to investigate variable 

predictability. See, among others, Avramov (2002), Ludvigson and Ng (2009) and 

Christoffersen et al. (2017). 

Compared with in-sample predictability, out-of-sample forecasting performance 

is a more accurate measure to evaluate the predictive power of macroeconomic 

uncertainty index. The out-of-sample forecast is similar to in-sample analysis, but 

now we conduct the predictive regression recursively. To be more specific, we start 



with an initial window consisting of 120 observations (ten years). We regress our 

predictive model on this initial sample and obtain a one-step-ahead forecast. We then 

expand our window by adding an observation and repeat the exercise. By doing this, 

we get a forecast sequence. We proceed until the expanded sample equals the full 

sample. 

We evaluate the resulting out-of-sample forecasts against the benchmark forecasts 

of an AR(1) model by calculating the mean of the squared forecast errors (MSFE) of 

the two forecast sequences. Then we compute the out-of-sample R-square (henceforth 

𝑅𝑂𝑂𝑆 
2 ) (Campbell and Thompson, 2008), the percentage variation in MSFE of our 

forecasts relative to benchmark AR (1) forecasts. The CW statistic (Clark and West, 

2007) is adopted to test the significance of 𝑅𝑂𝑂𝑆 
2 . Given our sample size, a 𝑅𝑂𝑂𝑆 

2  of 

0.5% is sufficient to mark an economically significant improvement in forecast 

accuracy. 

 

4. Empirical Results 

4.1. Full-Sample Analysis 

The baseline results for the 15 commodity volatilities obtained by predictive 

regressions are reported in Table IV. The financialization of commodity markets has 

had important consequences for the behavior of commodities (Adams and Glück, 

2015; Tang and Xiong, 2012). To investigate the potential change after 

financialization, we also run the regressions on two subsamples (before and after 2005) 

in addition to the full sample. The results for the subsamples are reported in Panels B 

and C, respectively. To account for potential serial correlation, Newey-West standard 

errors are used and presented in parentheses. We display the variation in adjusted 

R-square (hereafter ∆𝑅̅2) relative to a benchmark univariate AR(1) model in the last 

line of each panel to show the improvement of forecasting power brought by 

including the macroeconomic uncertainty index. 

TABLE IV 

Predictive Regression of the Monthly Log Realized Commodity Volatility on 

Macroeconomic Uncertainty 

 



 

Note. The table reports in-sample predictability results for the 15 commodity volatilities. Results are listed by commodity category. The intercept 

is omitted for each regression because all variables are standardized before estimation. Newey-West standard errors are presented in parentheses. 

The number of observations and adjusted R-square (𝑅̅2) are also reported. ∆𝑅̅2 represents variation in 𝑅̅2 relative to a benchmark univariate 

AR(1) model. ***, ** and * indicate significance at the 1%, 5%, and 10% levels, respectively. 



Macroeconomic uncertainty is a useful predictor of realized commodity volatility. 

The forecasting effect we find in the full sample implies that higher macroeconomic 

uncertainty is followed by a period of higher commodity volatility for almost all 

commodities.5 More specifically, for every commodity, the coefficient of MacUnc is 

significant and the ∆𝑅̅2 is positive, indicating the robustness and significance of the 

predictive power of the macroeconomic uncertainty index. As expected, the 

autoregressive component also plays an important role in predicting the realized 

volatility. 

The predictive power of macroeconomic uncertainty varies by category. It is 

noteworthy that the forecasting power of MacUnc is most pronounced for four 

commodity volatilities, those of crude oil and heating oil in the energy class and of 

gold and copper in metals. Variation in macroeconomic uncertainty predicts a large 

fraction of variation in RV series for the above four commodities. More precisely, the 

coefficients of MacUnc are 0.196, 0.181, 0.206 and 0.200 for these commodities, 

respectively. This means, for example, that a 1% increase in MacUnc leads to a 20.6% 

increase in the subsequent RV of gold. These four coefficients are all significant at the 

1% level. Moreover, adding MacUnc to our predictive specification results in a 

significant improvement in forecasting power, as shown by the increase of 0.027 

(5.782%), 0.024 (5.467%), 0.032 (8.247%), and 0.031 (7.888%)6 in 𝑅̅2 for CL, HO, 

GC and HG, respectively. 

There are major differences in the predictive power of MacUnc between the 

samples of before 2005 observations (Panel B) and after 2005 observations (Panel C). 

There is a noteworthy change in the significance of the coefficients of MacUnc before 

and after 2005 for metals and grains. Before 2005, macroeconomic uncertainty has 

little predictive content for the realized volatilities of five commodities, silver, copper, 

soybean, corn, and wheat7, as indicated by the insignificant coefficients of MacUnc. 

However, after 2005, macroeconomic uncertainty shows a strong forecasting effect on 

the realized volatilities of these five commodities. For instance, a 1% increase in 

MacUnc causes a 38.8% increase in the subsequent RV of copper. In addition, ∆𝑅̅2 is 

around zero for each of the five commodities in Panel B, suggesting MacUnc contains 

minor predictive content for the RVs of these five commodities before 2005. After 

2005, however, ∆𝑅̅2 ranges from 0.026 (5.817%) to 0.081 (16.981%) for these five 

commodities, indicating a significant increase in forecasting power. 

For the other commodities, the predictive power of macroeconomic uncertainty 

also shows a great improvement after 2005, reflected in larger coefficients on 

MacUnc and larger ∆𝑅̅2𝑠 in Panel C. In particular, for crude oil, natural gas, heating 

oil, and gold, the coefficients of MacUnc are so large that a 1% rise in 
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macroeconomic uncertainty leads to an around 20% increase in these four realized 

volatilities. The percentage increases in 𝑅̅2s for the above four regressions range 

from 6.162% to 14.444%, which also marks a significant improvement in the 

predictive power of MacUnc. According to Tang and Xiong (2012), considerable 

index investments began to flow into commodity markets after 2004, resulting in an 

integration of commodity markets with other financial markets. Meanwhile, portfolio 

rebalancing of index investors leads to volatility spillovers into commodity markets. 

This process, known as financialization, might be the main driving force behind the 

notable improvement in MacUnc’s predictive power after 2005. Because 

macroeconomic uncertainty has become an important predictor of volatilities of 

almost all commodities after 2005, it is useful to rely on its information content when 

forecasting commodity market volatilities. 

To identify the overall impact of macroeconomic uncertainty on a commodity 

category, we resort to principal components. Table V presents evidence that the 

macroeconomic uncertainty index can help to predict the principal components. We 

consider five principal components for five commodity categories and a principal 

component extracted from all 15 realized commodity volatility series as well. 

TABLE V 

Predictive Regression of Principal Component on Macroeconomic Uncertainty 

 



Note. This table reports in-sample predictability results for six principal components, 

containing the first principal components of the realized volatilities of commodities in 

energy, metals, grains, softs, livestock, and the principal component of all 15 realized 

commodity volatilities. Panels A, B and C report results obtained from the full sample, 

the sample of observations before 2005, and the sample of observations after 2005, 

respectively. For each regression, the intercept is omitted as before. Newey-West 

standard errors are presented in parentheses. ∆𝑅̅2 represents variation in 𝑅̅2 relative 

to a univariate AR(1) model. ***, ** and * indicate significance at the 1%, 5%, and 

10% levels, respectively. 

Panel A shows that macroeconomic uncertainty helps to predict future volatility 

for all commodity categories. Specifically, all coefficients of MacUnc are significant 

at the 1% level and there is positive variation in 𝑅̅2 relative to a univariate AR(1) 

model for every regression. In general, a 1% rise in MacUnc results in a 22.1% 

increase in commodity volatility. The inclusion of MacUnc increases 𝑅̅2 by 0.028. 

However, the improvements brought by MacUnc do not hold uniformly for all 

commodity classes. The most affected classes are energy products and metals, as 

indicated by the large coefficients of MacUnc and significant improvements in 𝑅̅2𝑠. 

This finding makes economic sense because energy products and metals are 

indispensable industrial materials whose prices are more sensitive to macroeconomic 

environments. This echoes results by Joëts et al. (2017) that industrial markets are 

highly sensitive to the level of macroeconomic uncertainty. 

Comparing Panels B and C, we find a significant improvement in the forecasting 

power of macroeconomic uncertainty after 2005. The macroeconomic uncertainty 

index shows up as a powerful predictive variable for all commodity categories after 

2005. Importantly, it seems that MacUnc contains little predictive content before 2005 

for metals and grains, as indicated by their insignificant coefficients and close-to-zero 

∆𝑅̅2s. In sharp contrast, after 2005, a 1% rise in MacUnc causes a volatility increase 

of 29.7% and 20.5% for metals and grains, respectively, which marks MacUnc a 

powerful predictor. Also, the ∆𝑅̅2s of these two classes climb to 0.056 and 0.026, as 

another evidence of predictability enhancement. The rest of commodity categories 

experienced improvement of volatility predictability by MacUnc after 2005, as seen 

in the larger coefficients in Panel C. In general, a 1% rise in MacUnc leads to an 

overall increase of 11.1% in commodity volatility before 2005 and the percentage 

increase goes up to 31.0% after 2005. The forecasting power of the predictive model 

relative to an AR(1) model increases from 0.009 to 0.041 between the pre- and 

post-2005 periods, measured by variations in 𝑅̅2s. 

In sum, in-sample results show that macroeconomic uncertainty has significant 

forecasting power for commodity volatility even after controlling for lagged volatility. 

However, the predictability does not hold uniformly for all commodity classes and 

sample periods. Macroeconomic uncertainty is more powerful in forecasting 



volatilities of energy products and metals and is more pronounced after 2005 for all 

commodity categories. 

4.2. Out-of-Sample Analysis 

The out-of-sample forecasts are generated recursively with an expanding window, 

as discussed in section 3. We evaluate the forecast results by 𝑅𝑂𝑂𝑆 
2  and CW statistics. 

The CW statistic tests the null hypothesis of equal forecast performance against the 

alternative of superior performance by the model augmented by macroeconomic 

uncertainty relative to the benchmark AR(1) model. The MSFEs of the augmented 

model and the benchmark model are provided for comparison.



TABLE VI 

Out-of-sample Forecasting Results for 15 Commodities 

 

Note. This table shows out-of-sample forecast results for 15 realized commodity volatilities. Panel A reports statistics computed from full-sample 

forecasts, Panel B reports statistics obtained from forecasts before 2005, and Panel C presents results for forecasts after 2005. The reported 

statistics include the mean of the squared forecast errors of the benchmark AR (1) model, denoted as MSFE. AR (1), the MSFE of the 

macroeconomic uncertainty augmented model, the out-of-sample R-square of Campbell and Thompson (2008), presented as a percentage, and 

the CW statistics put forth by Clark and West (2007). The 𝑅𝑂𝑂𝑆 
2 s and CW statistics test the null hypothesis of equal forecasting performance by 

the model augmented by macroeconomic uncertainty and an AR(1) benchmark model against the alternative hypothesis of superior predictive 

performance by the augmented model. ***, **, and * indicate rejection of the null hypothesis at the 1%, 5%, and 10% levels, respectively.



 Table VI reports the out-of-sample forecast results for the 15 commodities. As 

shown in Panel A, the model augmented by macroeconomic uncertainty generally 

outperforms a simple autoregressive benchmark. This is corroborated by the positive 

and significant 𝑅𝑂𝑂𝑆 
2 s, indicating a superior predictive performance by the 

augmented model relative to the benchmark model. The model that includes 

macroeconomic uncertainty performs well in forecasting the realized volatilities of 

crude oil, heating oil, gold, and copper, as indicated by the 𝑅𝑂𝑂𝑆 
2  of 6.974, 5.514, 

4.986, and 7.064, respectively. This finding makes sense economically since those 

four commodities are closely related to industrial production and their prices are more 

vulnerable to macroeconomic variations. 

Compared to Panel B, Panel C shows more out-of-sample success for the 

macroeconomic uncertainty augmented model, implying that macroeconomic 

uncertainty is more powerful in forecasting commodity volatilities after 2005. In 

particular, for copper, soybeans, corn, wheat, cotton, and lean hogs, the 𝑅𝑂𝑂𝑆 
2 s are 

insignificant or negative in Panel B, indicating a worse or equal predictive 

performance by the model including macroeconomic uncertainty relative to a simple 

autoregressive benchmark. However, the 𝑅𝑂𝑂𝑆 
2 s of these six commodities turn 

positive and significant after 2005. Also, the post-2005 𝑅𝑂𝑂𝑆 
2 s are sizable, ranging 

from 3.094 to 9.515. Moreover, for crude oil, heating oil, and gold, the 𝑅𝑂𝑂𝑆 
2 s 

experience a significant increase after 2005, from 6.810, 4.007 and 3.414 in Panel B 

to 7.087, 7.250 and 6.855 in Panel C. These results indicate that the macroeconomic 

uncertainty augmented model performs much better than the AR(1) benchmark model 

after 2005. 

 

TABLE VII 

Out-of-sample Forecasting Results for Principal Components 

 



Note. This table reports out-of-sample predictive results for six principal components. 

Panel A reports statistics computed from the full-sample forecasts, Panel B reports 

statistics obtained from forecasts before 2005, and Panel C presents results for 

forecasts after 2005. The reported statistics include the mean of the squared forecast 

errors of the benchmark AR(1) model, denoted as MSFE. AR (1), the MSFE of the 

macroeconomic uncertainty augmented model, the out-of-sample R-square of 

Campbell and Thompson (2008), presented in percentage, and the CW statistics put 

forth by Clark and West (2007). The 𝑅𝑂𝑂𝑆 
2 s and CW statistics test the null hypothesis 

of equal forecasting performance by the model augmented by macroeconomic 

uncertainty and an AR(1) benchmark model against the alternative hypothesis of 

superior predictive performance by the augmented model. ***, **, and * indicate 

rejection of the null hypothesis at the 1%, 5%, and 10% levels, respectively. 

Table VII presents the out-of-sample forecasting results for six principal 

components. Panel A shows that the model augmented by macroeconomic uncertainty 

beats the AR(1) benchmark model for every commodity category. The augmented 

model preforms best in forecasting the volatility of metals, among the five commodity 

classes, supported by the largest 𝑅𝑂𝑂𝑆 
2  of 5.665. In terms of out-of-sample forecast 

accuracy, the model including macroeconomic uncertainty brings an overall 

improvement of 9.59% relative to the AR (1) benchmark model, which indicates that 

the MacUnc is a powerful predictor. 

The model augmented by macroeconomic uncertainty performs better after 2005. 

Particularly, for metals, grains, and livestock, the 𝑅𝑂𝑂𝑆 
2 s are insignificant or negative 

in Panel B, indicating a worse or equal predictive performance by the model including 

macroeconomic uncertainty relative to a simple autoregressive benchmark. However, 

the 𝑅𝑂𝑂𝑆 
2 s of these three commodity classes turn positive and significant after 2005, 

ranging from 3.093 to 8.148. In general, there is little difference between the 

predictive performances of the macroeconomic uncertainty augmented model and the 

univariate AR(1) benchmark before 2005 but a large difference after 2005, as 

indicated by the 𝑅𝑂𝑂𝑆 
2 of 10.989. 

To sum up, the model augmented by macroeconomic uncertainty generally 

outperforms a univariate AR (1) benchmark, particularly after 2005. Admittedly, the 

univariate AR (1) benchmark is quite simple and a more sophisticated predictive 

model could capture more features of the data and thus may perform better. We still 

consider it encouraging that macroeconomic uncertainty generally performs well in 

these simple out-of-sample forecast comparisons. 

4.3. Improvements in Forecast Performance Over Time 

We study the improvements in the out-of-sample performance after 2000 for energy, 

metals, and grains. For each category, we select typical commodities and report the 

results in Figure 2. The figure shows the time series of the squared forecast errors of 

the macroeconomic uncertainty augmented model minus the squared forecast errors 



of the AR (1) benchmark, denoted ∆𝑆𝐹𝐸. Thus a negative value of ∆𝑆𝐹𝐸 signifies a 

superior performance by the augmented model relative to the benchmark at a 

particular point in time. According to Christiansen et al. (2012), macro-finance 

variables provide predictive content beyond autoregressive benchmarks during the 

2007-2009 financial crisis. To identify potentially different dynamics during 

recessions, we mark the NBER-dated business-cycle recession periods with shadows. 

 

FIGURE 2 

Improvements of Out-of-sample Performance for Energy, Metals and Grains 

Note. This figure shows the time variation in the out-of-sample performance of 

MacUnc in predicting the monthly realized volatilities of energy, metals, and grains. 

We report results for typical commodities in each category. Specifically, we use crude 

oil and heating oil to represent energy products, copper for metals, and corn for grains. 

Results of principal components of metals and grains are also displayed. ∆𝑆𝐹𝐸 is the 

difference between the squared forecast errors of the macroeconomic uncertainty 

augmented model and the AR(1) benchmark. Hence, a negative value signifies a 

superior performance by the augmented model against the benchmark model at a 



particular point in time. The shadow regions indicate NBER-dated business-cycle 

recessions and the red line marks the value of 0. 

As documented in section 3.2.2, the model augmented by macroeconomic 

uncertainty generally outperforms a univariate AR(1) benchmark, and Figure 2 

provides evidence on the time periods when the augmented model performs better. 

For energy products, the augmented model beats the autoregressive benchmark in 

every recession8. However, the same does not hold for metals and grains. Before 

financialization, the ∆𝑆𝐹𝐸 line almost coincides with the zero line for metals and 

grains, indicating an equal performance by the macroeconomic uncertainty 

augmented model and the AR (1) model. In the post-financialization period, the 

augmented model beats the benchmark model over the most recent 2008-2009 

recession. In short, for energy products, significant improvements in forecasting 

accuracy happen during each recession, while both financialization and recessions are 

required to generate a sizable forecasting improvement for metals and grains. 

 

4.4. Using the Financial Uncertainty Index 

In addition to macroeconomic uncertainty, Jurado et al. (2015) also propose a 

financial uncertainty index (FinUnc) based on 147 financial variables. These financial 

indicators are expected to respond immediately to genuine news contained in data 

releases and disaster events. Considering the close relationship between the financial 

uncertainty index and the aggregate state upon which investors’ decisions depend, it is 

worthwhile to investigate the predictive content of the financial uncertainty index in 

forecasting commodity volatilities. Moreover, as documented in Jurado et al. (2015), 

financial variables are far more volatile than macro indicators and thus may dominate 

the macro series. This claim prompts an interest in exploring the relative importance 

of MacUnc and FinUnc in predicting commodity volatilities. 

TABLE VIII 

Using Financial Uncertainty Index 

                                                      
8 This finding is in line with Antonakakis et al. (2014), which shows that spillovers between 

economic policy uncertainty and changes in oil prices reached an unprecedented height during the 

Great Recession of 2007-2009. 



 

Note. This table reports results of using a model augmented by financial uncertainty 

index to predict six principal components. Panels A, B and C report results obtained 

from the full sample, the sample of observations before 2005, and the sample of 

observations after 2005, respectively. For each regression, the intercept is omitted as 

before. Newey-West standard errors are presented in parentheses. ∆𝑅̅2 represents 

variation in 𝑅̅2 relative to a benchmark univariate AR(1) model. ***, **, and * 

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

Table VIII reports results for a predictive regression with the financial uncertainty 

index included. The results for commodity volatility predictability are similar to those 

for principal components and so are omitted. Panels A and B show that financial 

uncertainty only significantly improves forecasts for energy products. However, 

financial uncertainty becomes an important predictor for every commodity category 

after 2005, as indicated by the significant coefficients of FinUnc in Panel C and the 

notable increases in 𝑅̅2s relative to the AR(1) benchmark. Overall, in the years after 

2005, a 1% rise in financial uncertainty causes a 20% increase in commodity volatility. 

The model augmented by the financial uncertainty index improves forecasting power 

by 0.021 relative to an AR(1) benchmark, as measured by the variation in 𝑅̅2. 

To investigate the relative importance of macroeconomic uncertainty and 

financial uncertainty in forecasting commodity volatilities, we use both uncertainty 



indexes simultaneously. The predictive regression for the principal component of 

commodity class 𝑗 now becomes: 

𝑃𝐶𝑗,𝑡 = 𝛼 + 𝛽𝑃𝐶𝑗,𝑡−1 + 𝛾1𝑈𝑡−1 + 𝛾2𝐹𝑡−1 + 𝜀𝑖,𝑡. 

𝑃𝐶𝑗,𝑡 denotes the principal component of realized volatilities of commodity class 𝑗 

in month 𝑡 . Our predictors, 𝑈𝑡−1  and 𝐹𝑡−1 , are the lagged macroeconomic 

uncertainty and the lagged financial uncertainty, respectively. Our primary interest is 

the relative magnitude of 𝛾1 and 𝛾2. To this end, all variables are standardized 

before regression so that we can compare the magnitudes of 𝛾1 and 𝛾2 directly. 

 

TABLE IX 

Using Both Uncertainty Indexes 

 

Note. This table reports results of a predictive regression that includes both 

macroeconomic uncertainty and financial uncertainty for six principal components. 



Panels A, B and C report results obtained from the full sample, the sample of 

observations before 2005, and the sample of observations after 2005, respectively. For 

each regression, the intercept is omitted as before. Newey-West standard errors are 

presented in parentheses. ∆𝑅̅2  represents the variation in 𝑅̅2  relative to a 

benchmark univariate AR(1) model. ***, **, and * indicate significance at the 1%, 

5%, and 10% levels, respectively. 

Results of the predictive regression including both uncertainty indexes are 

presented in Table IX. Importantly, macroeconomic uncertainty dominates financial 

uncertainty in the whole sample period. Panel A provides evidence for this claim, as 

the coefficients of MacUnc are significant for every commodity category, while the 

coefficients of FinUnc are smaller or insignificant. After 2005, MacUnc maintains its 

dominance over FinUnc and the forecasting power of MacUnc becomes stronger for 

energy products, metals, and grains. Moreover, it is noteworthy that the overall impact 

of MacUnc dominates FinUnc in every sample period under investigation, as shown 

in the last column of the table. 

In brief, financial uncertainty possesses information content when forecasting 

commodity volatility and its predicting power is more pronounced after 2005. 

However, financial uncertainty generally loses its significance when macroeconomic 

uncertainty is included, implying a dominating role of macroeconomic uncertainty in 

predicting commodity volatility. 

 

5. CONCLUSIONS 

This study investigates to what extent macroeconomic uncertainty predicts volatility 

in commodity futures markets. We find that macroeconomic uncertainty contains 

predictive power for future volatility of energy, metal, grain, soft, and livestock 

commodities. Importantly, macroeconomic uncertainty has significant forecasting 

power for commodity volatility even after controlling for the lagged volatility. Our 

out-of-sample results show that the inclusion of macroeconomic uncertainty enhances 

the forecasting performance relative to an autoregressive benchmark. However, the 

predictability does not hold uniformly for all commodity classes and sample periods. 

Macroeconomic uncertainty is more powerful in forecasting the volatilities of energy 

products and metals and its predictive power is more pronounced after 2005 for all 

commodity categories. 

Though the model augmented by macroeconomic uncertainty generally 

outperforms the AR(1) benchmark, improvements in forecasting accuracy vary 

strongly over time. For energy products, significant improvements in forecasting 

accuracy happen during each recession, while both financialization and recessions are 

required to generate a sizable forecasting improvement for metals and grains. Our 



results also support the dominating role of macroeconomic uncertainty in predicting 

commodity volatility over financial uncertainty. 
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