
1 
 

The Good, the Bad and the Ugly relation between oil and commodities: An 

analysis of asymmetric volatility connectedness and portfolio implications 

 

 

 

 

 

Abstract 

This study examines the direction and extent of asymmetric volatility connectedness 

between the oil and commodity markets, using five-minute interval data from the oil, natural 

gas and 21 commodity futures markets. We also analyze the positive and negative volatility 

connectedness through network diagrams to determine the magnitude and strength of the 

volatility spillover. We suggest optimal portfolios for several oil-commodity pairs 

minimizing value-at-risk and conditional value-at-risk with higher hedge effectiveness. The 

results are of significant interest to investors and policy makers.  
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The Good, the Bad and the Ugly relation between oil and commodities: An 

analysis of asymmetric volatility connectedness and portfolio implications 

 

1. Introduction 

The interconnected nature of oil, metal, and agro-commodity price movements through 

the transmission of price shocks have serious implications for policymakers and investors 

(Guhathakurta et al., 2020). We also know that such shock transfer is asymmetric with respect 

to positive and negative price shocks (Ahti, 2009; Nazlioglu, 2011; Rapsomanikis et al., 2006). 

Policymakers and investors can significantly benefit if the nature and extent of such asymmetry 

is known. In this study, in a probable first, we create optimal portfolios for several oil-

commodity pairs minimizing tail risk, based on our analysis of such asymmetric shock transfers 

between multiple markets with oil, agro-commodities, and metals as the dramatis personae. 

In the last five years, oil prices experienced high volatility. First, high production levels 

coupled with low demand growth led to a sharp fall in oil prices, reaching a nadir in 2016 when 

oil prices hit a 13-year low of $27.10 per barrel. In 2017, the trend began to reverse, fueled by 

a simultaneous rise in global demand and fall in output level. Moreover, a series of geopolitical 

actions occurred around the same time, such as the imposition of sanctions on Iran by the US 

Government and Russia and Saudi Arabia’s decisions to curb oil output in 2018. All these 

pushed oil prices to a four-year high of more than $80 a barrel (Raval and Winter, 2018).1 

High oil price volatility impacts the economy in multiple ways (Hamilton, 1983, 2003; 

Huan et al., 1996; Jones and Kaul, 1996; Kilian, 2008; Kilian and Park, 2009; Yaya et al., 2016; 

Luo and Ji, 2018; Wang and Wu, 2018, and Xu et al., 2019). Previous research proves that oil 

price volatility impacts commodity markets (Ahmadi et al., 2016; Luo and Ji, 2018) and there 

is a strong volatility spillover network between the oil and commodity markets (Guhathakurta 

et al., 2020). Commodity prices, especially for agricultural goods, have gone through sharp and 

large changes in the last decade owing to economic and financial turmoil and the introduction 

of environmental policies to deal with climate change (Dahl et al., 2019). The extreme decline 

in oil prices in 2014 coincided with a noticeable price volatility in other commodity markets. 

Notably, the prices of agricultural commodities, metals, and precious metals started falling as 

soon as oil prices dropped in early 2009 to 2014 levels (Fig. 1). Research shows that high (low) 

 
1 The Rise and Fall of Oil Prices in 2018. URL: https://www.petroleum-

economist.com/articles/markets/trends/2018/the-rise-and-fall-of-oil-prices-in-2018 

https://www.petroleum-economist.com/articles/markets/trends/2018/the-rise-and-fall-of-oil-prices-in-2018
https://www.petroleum-economist.com/articles/markets/trends/2018/the-rise-and-fall-of-oil-prices-in-2018
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oil prices cause surges (falls) in commodity prices (Abbott et al., 2008; Mitchell, 2008; 

Nazlioglu et al., 2013). It is likely that oil prices drove the recent price volatility observed in 

some agro-commodities like corn, soybeans, and wheat (Reboredo, 2012; Avalos, 2014). Thus, 

it seems reasonable to conclude that a deeper understanding of the volatility dynamics and co-

movement of the prices of oil, agro-commodities, metals, and precious metals will provide 

useful insights for policymakers, investors, and fund managers. For instance, the oil and 

commodity markets impact each other via three channels. First, major inputs to agricultural 

commodities include pesticides and nitrogen- and phosphorous-based fertilizers. Using such 

inputs increases their demand and production, thus leading to more energy usage, which, in 

turn, links the cost of production of such commodities with oil prices (Mensi et al., 2017; Luo 

and Ji, 2018). Second, technology-based agricultural practices are increasingly being adopted 

with improvements in farm machinery. Consequently, agricultural commodity production has 

become more energy-intensive (Zhang and Qu, 2015; Luo and Ji, 2018). Third, higher oil price 

volatility triggers the diversification of farmlands into crop production using bioethanol, thus 

reducing dependency on oil markets. The focus on renewable energy such as bioethanol has 

not only affected oil markets or been affected by oil price volatility but also triggered price 

increases for agricultural commodities (Ji and Fan, 2012; Nazlioglu et al., 2013; Hasanov et 

al., 2016).  

Price transmission is not limited to oil and agro-commodity markets; oil markets are 

equally responsible for volatility in metal markets and vice-versa. Three major channels 

connect the oil and industrial metals markets. First, higher global demand during economic 

booms mediate the relationship between the oil and industrial metals markets. The resultant 

higher production and use of industrial metals such as iron, copper, and aluminum due to 

positive global economic growth leads to higher energy consumption (Hooker, 2002). Second, 

inflationary channels and monetary policy affect the relationship between heavy metals and oil 

markets (Hammoudeh and Yuan, 2008). Positive price shocks to oil place inflationary pressure 

on industrial metals. Economies respond with monetary policies to increase interest rates to 

contain inflation. This eventually reduces the investment and consumption of industrial metals 

in the manufacturing, construction, and infrastructure sectors. Third, the transportation and 

logistics sector also cause price shock transmission between the oil and industrial metals 

markets. Higher oil prices increase transportation and logistics costs, driving metal prices 

upward (Umar et al., 2019).  

Oil prices and shocks affect not only the agro-commodity and industrial metal markets, 

but also the precious metals market (Hunt, 2006; Malik and Umar, 2019). Investors’ constant 
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search for alternative assets to hedge against the price risk of oil prompts them to include 

precious metals in their portfolios. This is the primary mechanism through which oil prices 

affect gold prices (Umar et al., 2019). Oil-importing countries are especially vulnerable to oil 

price hikes as this causes inflation. Investors buy more precious metals such as gold, silver, 

platinum, and palladium to protect their portfolios from related losses due to changes in 

exchange rates and inflation (Jain and Ghosh, 2013). The consequent demand for precious 

metals has resulted in greater interdependence between these two assets as indicated by the co-

movement of their prices. Such co-movements are often considered crucial as investors rely 

more on the dynamics of co-movements between oil and commodities than on consumer prices 

(Balcilar et al., 2015). Nazlioglu (2011) provided a theoretical framework for the oil–

commodity market interdependence and shows that commodity inventory, expected price, and 

cost of carry drive prices of oil and other commodities such as agro-commodities and metals. 

This is significant for analyzing the nature of inter-market dynamics. As speculators cannot 

hold negative inventory, the effects are asymmetric for storable commodities (Ahti, 2009). This 

phenomenon is reflected in the fact that in addition to nonlinearity, commodity prices display 

an asymmetric response to the price movements of other commodities (Rapsomanikis et al., 

2006). Various policy interventions for reducing the impact of oil prices on that of other 

commodities, such as tariff controls, trade barriers, and energy policies favoring renewable 

sources of energy production, have created an asymmetric price linkage between energy and 

agriculture (Nazlioglu, 2011) and other commodity markets. 

This discussion illustrates the value of additional information that would be included in 

the following analysis of the interconnectedness of commodity markets, which incorporates 

methods to detect the asymmetric transfer of shocks across oil and commodities, including 

agro-commodities and industrial and precious metals. For example, positive oil price shocks 

may result in higher inflation, lower investment and consumption, and overall economic 

growth. This occurs only if oil price shocks are caused by higher economic growth and 

increased demand for goods and services. In this case, the volatility spillover between oil and 

other commodities is positive owing to good volatility. In contrast, if oil price shocks or 

volatility are due to geopolitical turbulence, economic instability, or global financial turmoil, 

it will lead to a slump in overall investment and consumption of other commodities. Here, a 

volatility spillover exists between the oil and commodity markets owing to bad volatility. As 

Segal et al. (2015) asserted, volatility behaviors differ depending on the sources and, 

specifically, on whether they are good or bad innovations. Negative shocks drive “bad” 

volatility to the macroeconomy, which reduces prices and investment, whereas “good” 
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volatility, represented by positive shocks, leads to higher asset prices and investment. It follows 

that the differential effects of negative and positive shocks render volatility spillover 

asymmetric. Commodity market investors and policymakers will not respond symmetrically to 

positive and negative oil price shocks. The same is true for shocks from other commodity 

markets affecting oil prices. Motivated by the aforementioned reasons, we carry out an 

exhaustive analysis of asymmetric volatility spillover between oil and other commodity 

markets. Specifically, we ask the following research questions: 

Q1: What is the nature and extent of asymmetries in volatility spillovers between the oil and 

commodity markets? 

Q2: How does the volatility connectedness differ due to negative and positive volatility 

spillover between the oil and commodity markets? 

Q3: How do the ways in which each commodity market receives or contributes asymmetric 

volatility spillover from or to oil differ? 

Q4: Is there a way to construct portfolios to minimize the systemic risk and tail risk? 

Previous research addresses these questions only in the context of financial markets. To 

the best of our knowledge, so far, no research exists on the volatility spillover asymmetry and 

the resulting interconnectedness between the oil and commodity markets using spillover 

asymmetry measures or network dynamics and portfolio implications with hedge effectiveness 

by minimizing tail risk. The additional information contained in the asymmetric measure of 

volatility spillover helps economic agents determine which volatility has higher spillover—

positive or negative. An analysis of asymmetric volatility spillover and connectedness can 

segregate the effects of good news from bad news, causing a particular commodity to receive 

(contribute) a higher shock spillover from (to) oil. It is also reasonable to expect that 

connectedness between the oil and commodity markets through volatility spillover increases 

when one market receives negative shocks. Information on asymmetric volatility spillover 

offers a deeper understanding of the oil and commodity market dynamics. Policymakers and 

regulators can act optimally if they understand the nature and extent of shock transmissions 

between the oil and commodity markets under each category of volatility—good (positive) or 

bad (negative). Portfolio managers can use knowledge about which commodities are more 

vulnerable to negative or positive oil price shocks to design optimally balanced portfolios.  

Using five-minute interval data from the oil and 25 commodity futures markets, this 

study examines the direction and extent of asymmetric volatility connectedness between the 

oil and commodity markets. We also analyze the positive and negative volatility connectedness 

through network diagrams to determine the magnitude of the volatility spillover and strength 
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of connectedness. Our choice of sampled commodities is based on the following inclusion 

criteria: are important agro-commodities used for biofuel production and others and highly 

traded at a commodity exchange such as the Chicago Board of Trade; and industrial and 

precious metals traded with high liquidity at the London Metal Exchange and which play a 

significant economic role. We conduct a two-stage analysis. In stage one, we estimate the 

realized variance and determine the total and net directional spillovers index among markets. 

In the second stage, we sort realized variances into positive and negative semi-variances to 

account for positive and negative volatility, respectively. We segregate the spillover asymmetry 

measure (SAM) into two directional spillover asymmetry measures to check the source of 

asymmetry among the oil and commodity markets. Moreover, we estimate diversification 

strategies by following value-at-risk (VaR, hereafter) and conditional value-at-risk measures 

(CVaR, hereafter).  

Our empirical results show that crude oil; agro-commodities such as oats, rice, rapeseed, 

cocoa, coffee, cotton, sugar, and cattle; and industrial and precious metals such as aluminum 

and gold are net receivers of volatility. Volatility asymmetry is evident across commodities and 

between energy and non-energy commodities. Commodities come closer in the network with 

negative volatility. Additionally, agro-commodities such as soya oil, wheat, rubber, and sugar 

are transmitters of negative shocks. In industrial metals, nickel is a net transmitter of negative 

volatility. Furthermore, the nature of the volatility relationship of gold with other commodities 

makes it suitable for portfolio hedging. The volatility spillover network confirms that negative 

shocks dominate positive volatility for agro-commodities; additionally, industrial and precious 

metals—which are directly linked to ethanol production—and demand for oil and economic 

growth, respectively, have strong negative volatility spillover effects. It follows then, taking 

account of tail risk is of utmost importance while deciding on investment portfolios for oil and 

other commodities. This motivates us to proceed to construct optimal portfolios for each of the 

commodity-oil combination to minimize market risk, and mean excess loss, or expected loss 

in tail. Our portfolio results with VaR and CVaR show that percentage weights are required to 

increase in other commodities to minimize the VaR and CVaR both at 95% and 99% 

confidence. We note that risk-averse investors who like to invest to minimize losses with more 

confidence level need to invest more than 50% in commodities. It is noteworthy to mention 

that CVaR at 99% confidence level offers the highest hedge effectiveness to the oil investors 

who are interested to diversify the risk by hedging with other commodities. The highest 

hedging effectiveness is attained for portfolios with WTI and soya oil (among agro 

commodities), aluminum (among industrial metals), and gold (among precious metals) at 
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CVaR 99%. 

This study provides three novel contributions. First, given the importance of the linkage 

between energy and commodity markets, we illustrate the importance of understanding the 

volatility spillover due to positive and negative news or information arrival, which create 

positive and negative volatility, respectively. Second, we present the differential impacts of 

positive and negative volatility spillover between energy and commodity prices. We explain 

the spillover asymmetry led by positive and negative volatility between oil and each of the 

examined commodities. Lastly, we show the importance of information on the asymmetric 

shock transfer between oil and other commodity markets on investment decisions, suggesting 

optimal portfolios for each oil-commodity pair by minimizing tail risk. 

The rest of the paper is organized as follows: Section 2 briefly discusses the literature 

on volatility spillover among oil prices, metal, and agro-commodities. Section 3 describes the 

methodology considered to estimate volatility asymmetry and connectedness. Section 4 

describes the data and preliminary analysis. Section 5 discusses the total spillover, spillover 

asymmetry, connectedness network, and net pairwise spillover asymmetry between oil and 

commodities. Finally, Section 6 summarizes the findings and concludes. 

 

Fig. 1. Dynamics of oil, food, metals and precious metals prices 
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Notes: These figures illustrate the coevolution of price trends of food commodities, industrial metals, and precious 

metals with oil prices. The index represents the benchmark prices which are representative of the global market. 

They are determined by the largest exporter of a given commodity. The X-axes show the index values of 

commodities and the Y-axes indicate the timeline. The data are sourced from IMF 

(https://www.imf.org/external/index.htm).  

 

2. Literature review  

The co-movement of energy and commodity prices has long been a focal research topic. 

Recent years have seen a surge in the volume of related research due to various reasons. First, 

since the global financial crisis of 2007–2008, investors began to include oil and commodities 

to diversify their portfolios and reduce the risk from investing in equity markets. Second, 

governments across oil-importing countries, under pressure to reduce oil dependency, are 

implementing policies favoring renewable sources of energy through bioethanol. Finally, the 

food crisis of 2006–2008 is considered to have changed the dynamics of co-movement of oil 

and agro-commodity prices. All these phenomena have driven researchers and policymakers 

to focus on the interconnectedness of the oil and commodity markets. 

Over time, two strands of literature emerged in this field. First, some studies (Yu et al., 

2006; Zhang and Reed, 2008; Kaltalioglu and Soytas, 2009; Gilbert, 2010; Nazlioglu and 

Soytas, 2011) support the argument that energy and commodity markets, especially agro-

commodity markets, are independent of each other, and that none of these markets influence 

others. However, other studies (e.g., Hameed and Arshad, 2008; Zhang et al., 2010) document 

that oil prices unidirectionally affect the prices of agro-commodities.  

Chen et al. (2010) examined the relationship between oil and grain prices and noted that 

oil prices significantly impacted grain prices; furthermore, the effects of oil prices intensified 

during the global financial crisis. Serra (2011), using a GARCH model, showed that 

information transmission exists between oil, ethanol, and sugar prices. In a pioneering work, 

Soytas (2011, 2012) showed that oil prices have positive impacts on the agro-commodity 

prices, especially of corn and soybeans. Compared with the findings of Nazlioglu and Soytas 

(2011, 2012), Reboredo (2012) highlighted the price dependence of oil with corn, soybeans, 

https://www.imf.org/external/index.htm
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and wheat by employing a copula-based approach and reported that dependence increased after 

2011. Using the copula model, Koirala et al. (2015) added the argument that dependency exists 

between futures prices of agro-commodities and oil and that they are positively correlated.  

In addition to studies utilizing dependency and causality, Ji and Fan (2012) employed 

a bivariate EGARCH model and determined that oil markets have significant volatility 

spillover effects on non-energy commodity markets. Nazlioglu et al. (2013) argued that the 

global financial crisis had changed the extent of volatility spillover between oil and the prices 

of three agro-commodities (corn, soybeans, and wheat): Prior to the crisis, volatility spillover 

was not significant, but in its aftermath, oil prices had a significant volatility spillover to agro-

commodity markets. Lucotte (2016) confirmed the conclusions of Nazlioglu et al. (2013) and 

reported that strong co-movements of prices existed between oil and agro-commodity markets 

in the post-2007 period.  

Cabrera and Schulz (2016) and Al-Maadid et al. (2017) examined the volatility 

spillover between oil and agro-commodity and food prices and highlighted that volatility links 

between the oil and edible oil markets, especially rapeseed oil prices, have increased over time. 

Ji et al. (2018) employed conditional value-at-risk (CoVaR) and delta CoVaR models and 

found that energy prices spill over risk to agro-commodity markets. Consistent with previous 

studies, Shahzad et al. (2018) also showed that volatility spillover exists between the oil and 

agro-commodity markets and that spillover from oil to agro-commodity markets is asymmetric. 

Luo and Ji (2018), using high-frequency data and the DCC-GARCH model, reported that 

volatility spillover between US oil and China’s agro-commodity prices is asymmetric. Their 

findings indicate higher levels of market interdependence for negative volatility than that of 

positive volatility. Dahl et al. (2019) adopted a volatility spillover connectedness and network 

approach and documented that crude oil and agro-commodity markets show asymmetric 

bidirectional information flow and that crude oil remains a net receiver post-2006.  

In contrast, few studies have reported nonsignificant interconnectedness between the 

oil and agro-commodity prices. Kaltalioglu and Soytas (2011), using a vector autoregression 

(VAR) model and monthly data of oil and food commodities, exhibited that the volatility 

transmission between oil and food commodities is nonsignificant. Similarly, Gardebroek and 

Hernandez (2013) demonstrated that oil prices do not have any volatility effects on corn prices 

using the multivariate GARCH. Cabrera and Schulz (2016) applied an asymmetric dynamic 

correlation GARCH model and revealed that the energy and agro-commodity market reaches 

equilibrium in the long run; the correlation becomes positive when there are persistent market 

shocks. 
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Apart from the volatility spillover between the oil and agro-commodity markets, 

research has focused on the relationship between oil and industrial metals prices, including 

precious metals (Hammoudeh and Yuan, 2008; Ewing and Malik, 2013; Charlot and 

Marimoutou, 2014; Dutta and Noor, 2017; Uddin et al., 2018; Umar et al., 2019; Churchill et 

al., 2019). Hammoudeh and Yuan (2008) investigated the volatility behavior of gold, silver, 

and copper under the presence of oil shocks and found that oil price shocks did not impact the 

volatility of metal price returns except for those of copper. Soytas et al. (2009) also concluded 

that oil prices have no information transmission toward Turkish gold and silver prices. 

Contrarily, Sari et al. (2010) argued that metal prices positively affect those of oil and that oil 

could explain 1.7% of gold returns. Ewing and Malik (2013) found evidence of volatility 

transmission between oil and gold price returns using GARCH models with structural breaks. 

As volatility may exhibit state-switching behavior (high and low volatility), Cahrlot and 

Marimoutou (2014) applied a regime-switching GARCH and revealed that gold and silver 

show strong effects in oil price shocks. Using the GARCH and GJR models and a sample of 

aluminum, copper, lead, nickel, tin, zinc, gold, silver, palladium, and platinum, Behmiri and 

Manera (2015) showed that different metal price volatilities respond to oil price shocks 

differently. Reboredo and Ugolini (2016) showed strong dependency between the oil and 

metals markets. Oil prices have significant spillover effects on metal price returns; however, 

the impact is different before and after the global financial crisis. Zhang and Tui (2016) 

examined the effect of oil price volatility on Chinese metal prices. Their results revealed that 

oil price volatility has significant impacts on metals markets and that copper is more sensitive 

to oil price shocks than aluminum. Dutta and Noor (2017) also confirmed that global oil prices 

transmit shocks to non-energy commodity markets; metal prices significantly receive volatility 

shocks of oil prices. Kang et al. (2017) identified gold and silver as information transmitters to 

other commodity markets, but in recent times, oil has turned out to be a net receiver of shocks. 

In an interesting study, Shahbaz et al. (2017) used the quantile causality approach and observed 

that oil prices do not have predictive power for gold prices; however, in the case of volatility, 

this phenomenon changes, and oil price volatility shows significantly higher predictive power 

for gold price volatility. Dutta et al. (2019) investigated the volatility relationship between the 

oil and precious metals markets using a nonlinear ARDL method and found evidence of 

nonlinear causality between the oil and gold prices. A recent study by Uddin et al. (2018) shows 

that strong regime effects (low and high volatility) are not found on supply or demand shocks’ 

contemporaneous relationship with precious metals. Risk shocks have regime-dependent 

effects on precious metals prices. Umar et al. (2019) used the frequency domain connectedness 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/palladium
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approach and the monthly data of tin, uranium, zinc, aluminum, copper, and lead and 

highlighted that the highest connectedness between oil and industrial metals only exists in the 

short term (1–4 months) and that copper (zinc) is the volatility transmitter (receiver). Similarly, 

employing a two-regime threshold vector error correction model (TVECM), Churchill et al. 

(2019) found nonlinearity and asymmetries in the long-run relationship between oil–gold and 

oil–silver. 

A significant number of studies have investigated the relationship and volatility 

spillover between oil and commodity prices and found evidence of shock transmissions 

between energy and non-energy commodities. Research has also shown that volatility 

transmission between the oil and commodity markets is asymmetric, with only a few metals 

being exceptions. We note that the literature thus far has not paid much attention to a detailed 

analysis of asymmetric spillover between the oil and commodity markets. The literature is also 

sparse regarding quantification of asymmetries in volatility spillover in the oil and commodity 

markets (agro-commodities and industrial and precious metals), especially when the source is 

good or bad volatility. Moreover, most previous studies employed approaches based on the 

multivariate GARCH, which has limited ability to quantify the spillover or measure the 

direction of spillover across commodities (Kang et al., 2017; Wang and Guo, 2018; Xu et al., 

2019).  

Our contribution to the literature is threefold. First, we identify the positive and negative 

volatility spillover and spillover asymmetry. Second, we investigate the nature of the 

connectedness and directions of positive and negative spillovers. Furthermore, we examine the 

differential impacts of the spillover due to positive and negative volatility, which suggests a 

change in the connectedness between energy and commodities. For this purpose, we examine 

the spillover asymmetry due to positive and negative volatility between oil and each 

commodity separately to offer deeper insights. To address the issue of risk better, we assess 

portfolio diversification strategies and risk management implications with optimal portfolio for 

each commodity to hedge against oil price shocks by minimizing the financial market risk and 

tail risk. 
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3. Methodology 

 In this section, we discuss the empirical methods we employ in our study. We start with 

an overview of our framework to measure and identify asymmetries due to positive and 

negative shocks based on Barnhoff-Nielsen et al. (2010) and Barunik et al. (2015, 2017) before 

moving on to a brief introduction to the Diebold and Yilmaz (2012) based approach to build 

our spillover based index. The index is used to analyse the spillover effects across assets. We 

use Diebold and Yilmaz (2014, 2016) next to create the network diagrams illustrating the 

connectedness of the assets. We then discuss how we capture asymmetric spillover effects and 

connectivity based on semi-variances. Finally, we explain the creation of optimal portfolio for 

each of the oil-commodity combinations, based on market risk and tail risk minimization. 

 

3.1. Realized variance and semi-variance 

We measure volatility spillover based on Barndorff-Nielsen et al. (2010) and Barunik 

et al. (2015, 2017) to identify asymmetries due to negative and positive shocks. Realized 

variance (𝑅𝑉𝑡)  is the square of commodity price returns estimated at five-minute intervals 

(Andersen and Bollerslev, 1998). It can be expressed as: 

𝑅𝑉𝑡 = ∑ 𝑟𝑡,𝑠
2𝑁

𝑠=1 , 𝑡 = 1,2, … . , 𝑇                               (1) 

where s = 1, ⋯ , N is an observation: that is, a 5-minute interval frequency of commodity price 

returns. Commodity price returns are then calculated as the first difference of log prices. 

Barndorff-Nielsen et al. (2010) separated 𝑅𝑉𝑡 into 𝑅𝑆𝑡 to measure volatility asymmetry due to 

negative or positive movements in specific volatility (i.e., bad and good volatility). Negative 

and positive RS (𝑅𝑆𝑡
− and 𝑅𝑆𝑡

+) are defined as follows:  

𝑅𝑆𝑡
− = ∑ 𝑟𝑡,𝑠

2 𝐼(𝑟𝑡,𝑠
𝑁
𝑠=1 < 0)                                                                                                    (2) 

𝑅𝑆𝑡
+ = ∑ 𝑟𝑡,𝑠

2 𝐼(𝑟𝑡,𝑠
𝑁
𝑠=1 > 0)                                                                                                    (3) 

Eqs. (2) and (3) provide a complete decomposition of realized variances into positive and 

negative 𝑅𝑆𝑡. We can thus express realized variance as the sum of two semi-variances, that is, 

𝑅𝑉𝑡 = 𝑅𝑆𝑡
− + 𝑅𝑆𝑡

+ . 𝑅𝑆𝑡
−( 𝑅𝑆𝑡

+ ) implies negative or bad (positive or good) semi-

variance/volatility due to negative (positive) shocks. The semi-variances approach helps us 

capture volatility asymmetry (bad or good volatility). 
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3.2. Spillover index framework 

We employ Diebold and Yilmaz’s (2012) approach to measure volatility spillover index 

for total, positive, and negative volatility. We start with the VAR(𝑝) model: 

𝑅𝑉𝑡 = 𝛼 + ∑ 𝛽𝑗𝑅𝑉𝑡−𝑗
𝑗
𝑗=1 + 𝜀𝑡       (4) 

where 𝑅𝑉𝑡 = (𝑅𝑉𝑡,1, 𝑅𝑉𝑡,2, … , 𝑅𝑉𝑡,𝑁)
′
  is an 𝑁  dimensional vector representing the realized 

variances of 𝑁 commodity markets and 𝛽 is the matrix of dynamic coefficients. Similar to Eq. 

(4), we can estimate the VAR(𝑝) models for the semi-variances 𝑅𝑆𝑡
− and 𝑅𝑆𝑡

+.  

Using the generalized VAR framework by Diebold and Yilmaz (2012), we denote the 

entries of the connectedness by 𝑐𝑖𝑗
𝑔(𝐻), an estimate of the contribution of market 𝑗 to the 𝐻-

step-ahead generalized forecast error variance of market 𝑖 as 

𝑐𝑖𝑗
𝑔(𝐻) =

𝜎𝑗𝑗
−1 ∑ (𝑒𝑡

′ΘℎΣ𝑒𝑗)
2𝐻−1

ℎ=0

∑ (𝑒𝑖
′ΘℎΣΘℎ

′ 𝑒𝑖)𝐻−1
ℎ=0

,                                                                 (5) 

where the covariance matrix of error terms in the non-orthogonalized VAR is shown as Σ. 𝜎𝑗𝑗  

is the standard deviation of the errors of the 𝑗th equation, and 𝑒𝑖 is an 𝑁 × 1 vector, which has 

1 as its 𝑖 th element and 0 as the other elements. Finally, Θℎ  is the coefficient matrix that 

multiplies the ℎ -lagged error in the infinite moving-average representation of the non-

orthogonalized VAR.  

As the contributions by own- and cross-market variance do not add up to 1 under 

generalized decomposition, the sum of the rows is used to normalize each element of the 

variance decomposition matrix as 

�̃�𝑖𝑗
𝑔(𝐻) =

𝑐𝑖𝑗
𝑔

(𝐻)

∑ 𝑐
𝑖𝑗
𝑔

(𝐻)𝑁
𝑗=1

,                                                                                                  (6) 

with ∑ �̃�𝑖𝑗
𝑔(𝐻) = 1𝑁

𝑗=1   and ∑ �̃�𝑖𝑗
𝑔(𝐻)𝑁

𝑖,𝑗=1 = 𝑁  by construction. The total spillover index is 

computed as the ratio of the contributions of spillovers from volatility shocks across markets 

in the system to the total forecast error variance: 

C(𝐻) =
∑ �̃�𝑖𝑗(𝐻)𝑁

𝑖,𝑗=1,𝑖≠𝑗

∑ �̃�𝑖𝑗(𝐻)𝑁
𝑖,𝑗=1

× 100 =
∑ �̃�𝑖𝑗(𝐻)𝑁

𝑖,𝑗=1,𝑖≠𝑗

𝑁
× 100                   (7) 

This index measures the average contribution of spillovers from shocks to all (other) 

markets to the total forecast error variance. Similarly, directional spillovers received by market 

𝑖  from market 𝑗 , and the reverse direction of transmission from market 𝑖  to the market, are 

given respectively by:  
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𝐶𝑖←∗(𝐻) =
∑ �̃�𝑖𝑗(𝐻)𝑁

𝑗=1,𝑗≠𝑖

∑ �̃�𝑖𝑗(𝐻)𝑁
𝑖,𝑗=1

× 100 =
∑ �̃�𝑖𝑗(𝐻)𝑁

𝑗=1,𝑗≠𝑖

𝑁
× 100    (8) 

and  

𝐶∗←𝑖(𝐻) =
∑ �̃�𝑗𝑖(𝐻)𝑁

𝑗=1,𝑗≠𝑖

∑ �̃�𝑗𝑖(𝐻)𝑁
𝑖,𝑗=1

× 100 =
∑ �̃�𝑗𝑖(𝐻)𝑁

𝑗=1,𝑗≠𝑖

𝑁
× 100.               (9) 

Finally, subtracting Eq. (8) from Eq. (9), we compute the net volatility spillovers from 

each market to all other markets as: 

𝐶𝑖(𝐻) = 𝐶𝑖→∗(𝐻) − 𝐶𝑖←∗(𝐻)
                 

(10) 

The net spillovers determine whether a market is a source or recipient of spillovers in net 

terms.  

To develop the network of volatility connectedness across markets, we follow the 

Diebold and Yilmaz (2014, 2016) approach and consider the variance decomposition matrix as 

the adjacency matrix of a weighted directed network. The elements of the adjacency matrix 

represent pairwise directional connectedness, 𝐶𝑖←𝑗(𝐻); the row sums of the adjacency matrix 

(node in-degrees) are our total directional “from” connectedness, 𝐶𝑗←∗(𝐻) ; and the column 

sums of the adjacency matrix (node out-degrees) are our total directional “to” connectedness, 

𝐶𝑖→∗(𝐻).  

3.3. Asymmetric spillovers   

We further replace 𝑅𝑉𝑡 in VAR (𝑝)  with semi-variances, either with 𝑅𝑆𝑡
+ =

(𝑅𝑆𝑡,1
+ , 𝑅𝑆𝑡,2

+ , … 𝑅𝑆𝑡,𝑁
+ )

′
  or with 𝑅𝑆𝑡

− = (𝑅𝑆𝑡,1
− , 𝑅𝑆𝑡,2

− , … 𝑅𝑆𝑡,𝑁
− )

′
.  We employ a rolling window 

analysis of 180 days and H=10-steps-ahead forecasting error variance decomposition to 

calculate the dynamic asymmetric behavior of volatility spillover indices. Most previous 

studies used 200-day rolling windows, but this affects the degree of freedom. In Section 5.4, 

we test the sensitivity of our 180-day rolling window with H=10-days-ahead forecast horizon. 

To further quantify the extent of asymmetric volatility spillovers, we define (𝑆𝐴𝑀) as  

𝑆𝐴𝑀 = 100 ×
𝐶+−𝐶−

1/2(𝐶++𝐶−)
,

                  

(11) 

where 𝐶+ and 𝐶− are volatility spillover indices signifying positive and negative semi-

variances, respectively. The value of SAM indicates the magnitude of the asymmetry due to the 

positive and negative semi-variances and volatility. SAM is negative (positive) when the bad 

(good) volatility of 𝑅𝑆𝑡
−(𝑅𝑆𝑡

+) dominates the good (bad) volatility of 𝑅𝑆𝑡
+(𝑅𝑆𝑡

−). A straight 

line of SAM values at zero suggests equal spillovers from both positive and negative volatility; 

thus, there is no asymmetry. 
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We further decompose the SAM in Eq. (11) into two directional spillover asymmetry 

measures (𝑆𝐴𝑀𝑖←∗ and 𝑆𝐴𝑀𝑖→∗)  and study the source of asymmetry among commodity 

markets. The asymmetry measure for directional spillovers to market 𝑖 from all other markets 

can be expressed as: 

𝑆𝐴𝑀𝑖←∗ = 100 ×
𝐶𝑖←∗

+ −𝐶𝑖←∗
−

1/2(𝐶𝑖←∗
+ +𝐶𝑖←∗

− )
                                                                                  (12) 

Similarly, we can estimate the magnitude of asymmetry in directional spillovers by market 𝑖 to 

all other markets as: 

𝑆𝐴𝑀𝑖→∗ = 100 ×
𝐶𝑖→∗

+ −𝐶𝑖→∗
−

1/2(𝐶𝑖→∗
+ +𝐶𝑖→∗

− )
                                                                                  (13) 

Both 𝑆𝐴𝑀𝑖←∗  and 𝑆𝐴𝑀𝑖→∗  provide information on the direction of the spillover to 

(from) market 𝑖 from (to) all other markets. A negative (positive) value of 𝑆𝐴𝑀𝑖←∗ suggests 

that the negative (positive) spillover from all other markets to a particular market (market 𝑖) is 

higher (lower) than that of the positive (negative) spillover. 

 

3.4. Systemic risk and portfolio implications 

3.4.1. VaR and CVaR 

In this section, we discuss our approach for calculating systemic risk, and optimal portfolio 

weights and hedge effectiveness for portfolio diversification and risk management. Consistent 

with the existing literature we employ VaR as an instrument to quantify market risk (Aloui and 

Mabrouk, 2010; Chai and Zhou, 2018;  Parkinson and Guthrie, 2014; Youssef et al., 2015; Yu 

et al., 2018). The method to estimate oil, natural gas and other commodity market risk based 

on VaR at (1- 𝛼) percent is as follows 

𝑉𝑎𝑅𝑖 𝑜𝑟 𝑝(1 − 𝛼) = −𝜎𝑖 𝑜𝑟 𝑝𝑞𝑖 𝑜𝑟 𝑝(𝛼)      (14) 

 

Where 𝑞𝑖 (𝛼) is the 𝛼  percent (5% and 1%) quantile of standaradized distributions of oil, 

natural gas, and each of the individual commodities whereas 𝑞𝑝 (𝛼) is the 𝛼 percent (5% and 

1%) quantile of standardized distributions of hedged portfolio with oil and other commodities.  

However, VaR is criticized for being non-coherent measure of risk as it does not account for 

‘subadditivity’ property (Artzner et al., 1999). Rockafellar and Uryasev (2000) has come up 

with an alternative measure to estimate losses in the tail, which is conditional value-at-risk 

(CVaR). Compared to VaR, CVaR is more efficient and flexible to identify the risk in the 

continuous price movements in the energy markets. CVaR is defined as the conditional 

https://www.sciencedirect.com/science/article/pii/S0140988318303967#bb0030
https://www.sciencedirect.com/science/article/pii/S0140988318303967#bb0030
https://www.sciencedirect.com/science/article/pii/S0140988318303967#bb0255
https://www.sciencedirect.com/science/article/pii/S0140988318303967#bb0330
https://www.sciencedirect.com/science/article/pii/S0140988318303967#bb0335
https://www.sciencedirect.com/science/article/pii/S0140988318303967#bb0335
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expectations of losses exceeding VaR. Consistent with existing studies (Liu et al., 2017; Lu et 

al., 2016; Roustai et al., 2018; Ji et al., 2018) we consider CVaR to estimate expected tail loss. 

The CVaR is estimated as follows 

 

𝐶𝑉𝑎𝑅𝑖 𝑜𝑟𝑝(1 − 𝛼) =
1

𝛼
∫ 𝑉𝑎𝑅𝑖 𝑜𝑟 𝑝(𝑥)𝑑𝑥 = −

𝜎𝑖 𝑜𝑟 𝑝

𝛼

1

1−𝛼
∫ 𝑞𝑖 𝑜𝑟 𝑝

𝑥1

1−𝛼
𝑑𝑥                     (15)                           

CVaR at (1- 𝛼) percent is the conditional value-at-risk either for individual assets like oil, 

natural gas and other commodities, or portfolios with oil and each of the other commodities.  

 

3.4.2. Optimal portfolios and hedge effectiveness 

We follow two step approaches. First, we estimate optimal portfolio with WTI with an 

objective to minimize VaR and CVaR assuming full investments. The full investment 

constraint in CVaR-based portfolio risk minimization accommodates short sale options also. 

Second, after estimation of portfolios with weights as estimated by portfolio risk minimization, 

we compare the risk in terms of VaR and expected tail los, i.e., CVaR between unhedged and 

hedged portfolio to estimate hedge effectiveness (HE, hereafter). The hedge effectiveness 

shows the extent to which the risk diversification benefits an investor can attain through 

portfolios. 

We estimate percentage reduction of VaR and CVaR before and after hedging as  

 

𝐻𝐸𝑉𝑎𝑅 =
𝑉𝑎𝑅𝑢𝑛ℎ𝑒𝑑𝑔𝑒𝑑,𝑊𝑇𝐼 𝑜𝑟 𝑐𝑜𝑚𝑚𝑜𝑑𝑖𝑡𝑦−𝑉𝑎𝑅ℎ𝑒𝑑𝑔𝑒𝑑

𝑉𝑎𝑅𝑢𝑛ℎ𝑒𝑑𝑔𝑒𝑑,𝑊𝑇𝐼 𝑜𝑟 𝑐𝑜𝑚𝑚𝑜𝑑𝑖𝑡𝑦
× 100%                                                          (16) 

                                                

𝐻𝐸𝐶𝑉𝑎𝑅 =
𝐶𝑉𝑎𝑅𝑢𝑛ℎ𝑒𝑑𝑔𝑒𝑑,𝑊𝑇𝐼 𝑜𝑟 𝑐𝑜𝑚𝑚𝑜𝑑𝑖𝑡𝑦−𝐶𝑉𝑎𝑅ℎ𝑒𝑑𝑔𝑒𝑑

𝐶𝑉𝑎𝑅𝑢𝑛ℎ𝑒𝑑𝑔𝑒𝑑,𝑊𝑇𝐼 𝑜𝑟 𝑐𝑜𝑚𝑚𝑜𝑑𝑖𝑡𝑦
× 100%                                                     (17) 

 

 4. Data and preliminary analysis 

In this study, we employ intraday data, namely, five-minute interval data of 23 

commodity market indices. The tickers of commodity indices are given in Appendix 1 (Table 

A1). The five-minute interval sample data are used to obtain a daily measure of positive and 

negative semi-variances. The sample period spans from January 1, 2014 to July 26, 2019. This 

period covers the major dynamics of the oil market due to economic and political events in the 

last five years. We purchase the data from Portara CQG.2 Table 1 presents the summary 

 
2 The Portara CQG provides data solutions for financial and commodity markets data. They were judged the Best 

Market Data Provider at the HFM European Technology Awards 2018.  
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statistics for the realized variances (𝑅𝑉𝑡) and semi-variances (𝑅𝑆𝑡)  of commodity market 

returns. As explained above, we take five-minute interval data of energy and non-energy 

commodity futures. Using futures price data enables us to accommodate the expectations of 

market participants in the commodity markets. We consider five-minute interval settled prices 

of near-month contracts. The intraday data of commodities are collected using the back 

adjustment method, where the entire price is adjusted close to close throughout the historical 

series. The back adjustment method is a good choice as it provides a consistent price shape 

without gaps at the splice points. We choose the commodity exchange where the liquidity of 

futures contracts is the highest. We synchronize the timing of data collection so as to account 

for the differences in the operating times of the different exchanges. 

Table 1 presents the summary statistics for the realized variances (𝑅𝑉𝑡) and semi-

variances (𝑅𝑆𝑡)  of stock market returns. The daily mean value of 𝑅𝑉  varies across all 

commodities. We observe that the highest value of 𝑅𝑉 is for natural gas (3.64%) followed by 

nickel (3.048%). Crude oil3 has one of the highest RV after natural gas, nickel, and palladium. 

The skewness and kurtosis of all markets are highly divergent. Additionally, crude oil has the 

highest skewness and kurtosis. Considering the summary statistics of positive (𝑅𝑆𝑡
+) and 

negative (𝑅𝑆𝑡
−)  semi-variances/volatility, we observe that the mean values of both semi-

variances for each market are very close. Among all commodities, the highest average positive 

and negative volatility are shown by natural gas, followed by crude oil. We also note that oil 

has higher skewness and kurtosis when volatility is negative; however, this phenomenon is 

reversed for natural gas. The evidence suggests that the dynamics of positive and negative 

volatility are not similar. In Fig. 2, we report the time variations of prices and the realized 

volatility of energy and each non-energy commodity market. We can observe different patterns 

and large instabilities in realized volatility. High peaks of realized volatility are apparent at the 

end of 2015, 2016, and in 2019 in most markets. This may be explained by the oil price fall 

and commodity price crash in 2015 and 2016, followed by a steady oil price increase until mid-

2018 and a slowdown in global economic growth in 2019. These multiple events influenced 

market expectations over time, which affected overall investment and consumption. The 

change in expectations resulted in homogeneous beliefs among investors and market 

participants (Wang and Wu, 2018), which eventually led to volatility spillover and 

connectedness among markets. 

 
3 Crude oil and WTI are used interchangeably.  



18 
 

Table 1. Descriptive statistics for realized volatilities and semi-variances 

 Crude 

oil 

Natural 

gas 
Corn Wheat 

Soy 

beans 

Soybean 

oil 
Sugar Rubber Rice Oats 

Palm 

oil 
Rapeseed Cocoa Coffee Cotton Cattle 

Alumi- 

num 
Copper Nickel Gold Silver Palladium Platinum 

Panel A: Daily 𝑅𝑉𝑡  

Mean 2.598 3.641 1.006 1.563 0.960 1.076 2.047 2.617 1.758 4.151 0.970 0.538 1.943 1.846 1.471 1.154 1.369 1.369 3.048 0.482 1.642 2.869 1.203 

St.dev. 4.546 6.476 1.297 1.512 1.101 0.895 1.715 4.330 2.329 4.499 1.294 0.648 1.859 1.822 1.392 1.336 1.554 1.233 2.846 0.500 1.654 2.682 0.821 

Minimum 0.011 0.036 0.036 0.025 0.019 0.025 0.197 0.002 0.001 0.008 0.051 0.023 0.212 0.382 0.016 0.109 0.034 0.071 0.085 0.015 0.028 0.004 0.023 

Maximum 157.9 137.9 22.16 22.79 19.64 16.70 17.36 93.06 45.33 53.69 29.25 11.55 16.56 24.39 26.59 18.47 38.04 22.82 40.89 8.691 30.58 32.44 7.361 

Skewness 23.48 10.00 6.731 3.829 6.393 6.232 1.478 8.795 6.914 4.068 12.42 6.246 1.862 3.284 5.863 4.073 11.60 5.664 4.835 5.885 5.767 3.304 1.841 

Kurtosis 781.4 153.4 74.46 30.52 74.56 81.81 6.189 140.4 93.22 29.04 232.3 73.38 7.074 22.64 76.57 32.98 225.0 67.11 40.42 66.14 68.84 20.46 7.267 

Panel B: Daily 𝑅𝑆𝑡
+ 

Mean 1.282 1.781 0.501 0.782 0.475 0.545 1.013 1.313 0.864 2.034 0.482 0.265 0.974 0.931 0.739 0.585 0.674 0.683 1.505 0.243 0.821 1.435 0.600 

St.dev. 2.262 3.643 0.746 0.833 0.562 0.466 0.959 2.269 1.226 2.411 0.953 0.381 1.009 1.088 0.910 0.853 0.693 0.663 1.453 0.287 0.961 1.450 0.426 

Minimum 0.006 0.014 0.016 0.001 0.004 0.011 0.090 0.001 0.001 0.004 0.001 0.014 0.094 0.143 0.008 0.002 0.007 0.026 0.027 0.002 0.012 0.004 0.011 

Maximum 75.37 93.12 16.26 10.25 7.936 6.237 12.66 33.52 29.13 42.58 26.79 6.531 9.494 20.59 24.38 18.26 12.28 10.08 18.81 5.998 25.22 23.97 4.053 

Skewness 21.08 12.90 9.364 3.498 5.301 4.648 2.624 5.140 8.854 5.449 17.26 7.810 2.135 5.879 12.37 8.621 6.587 5.420 4.992 7.619 10.89 4.611 1.881 

Kurtosis 662.8 257.6 146.3 21.10 46.38 41.52 18.50 42.27 167.8 61.21 416.7 101.8 8.230 74.04 275.9 140.9 76.93 55.03 43.37 111.9 242.4 44.77 6.886 

Panel C: Daily 𝑅𝑆𝑡
− 

Mean 1.315 1.859 0.504 0.780 0.484 0.531 1.033 1.304 0.894 2.116 0.487 0.272 0.968 0.914 0.732 0.568 0.694 0.686 1.542 0.239 0.821 1.434 0.603 

St.dev. 2.442 3.564 0.826 0.870 0.788 0.529 0.948 2.868 1.350 2.736 0.808 0.402 1.081 0.956 0.734 0.739 1.022 0.660 1.627 0.279 0.889 1.408 0.446 

Minimum 0.004 0.011 0.013 0.002 0.009 0.013 0.107 0.001 0.001 0.004 0.011 0.009 0.071 0.185 0.008 0.039 0.003 0.023 0.015 0.007 0.016 0.004 0.012 

Maximum 82.52 52.00 20.70 17.77 18.76 11.83 11.04 83.00 21.75 41.16 25.16 8.923 14.64 10.18 10.70 7.237 32.29 12.89 23.35 6.137 14.93 19.34 4.804 

Skewness 22.29 8.320 12.01 6.641 12.73 9.128 2.122 15.40 6.925 5.804 17.70 10.35 3.458 3.247 4.512 3.673 19.77 6.405 5.536 8.058 5.619 3.664 2.372 

Kurtosis 708.7 91.72 234.2 95.32 236.8 152.8 11.08 389.6 78.03 59.73 504.1 187.3 26.42 19.53 37.89 19.61 557.3 85.46 49.39 129.3 57.96 26.94 11.88 

Notes: This table reports the summary statistics for realized variances and positive and negative semi-variances for energy, agro-commodities, and industrial and precious metals.  
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Fig. 2. Dynamics of the realized volatility for each of the commodity prices  
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Notes: This figure exhibits the dynamics of the realized volatility of five-minute interval prices for each commodity over 2014–2019. The figure shows the realized volatility 

for agro-commodities and industrial metals and precious metals.
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We estimate a partial correlation network among energy, agro-commodities, and 

industrial metals and precious metals. The larger the node, the higher the volatility. The blue 

(red) color of the edge indicates positive (negative) partial correlations. The thickness of the 

edge suggests the strength of the connections. 

Figs. 3 and 4 indicate that the commodities in our study are highly connected with most 

of the partial correlations with a positive sign. However, the number of negative correlations 

increase when we consider a negative volatility network. We note the clusters of commodities 

based on their usage and relationship with oil. For example, soya oil, soybeans, corn, and wheat 

are closely connected. These commodities are instrumental for biofuel production. Industrial 

metals such as aluminum, copper, and nickel form another cluster. Similarly, the precious 

metals group includes gold, silver, palladium, and platinum. The right panel shows the partial 

directed correlations for positive and negative volatility. The partial directed correlations 

indicate that the volatility of commodities predicts those of others, which confirm the findings 

of the partial correlations network. 

 Fig. 3. Partial correlations and partial directed correlations of positive volatility between 

energy and non-energy commodities 

 

Notes: This figure exhibits the partial correlations and partial directed correlations between energy and non-

energy commodities for their positive volatility. Blue links indicate positive relationships and red links indicate 

negative relationships. The width (depth) of a link shows the strength (absolute value) of the relationship. The 

network on the left (right) panel is a partial (partial directed) correlations network. The links of the network in the 

right panel denote that one commodity’s volatility predicts the volatility of another commodity in the same 

window of measurement, after controlling for all other commodities’ volatility in the same window and all 

variables in the previous window of measurement. 
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Fig. 4. Partial correlations and partial directed correlations of negative volatility between 

energy and non-energy commodities  

 

Notes: This figure exhibits the partial correlations and partial directed correlations between energy and non-

energy commodities for their negative volatility. Blue links indicate positive relationships and red links indicate 

negative relationships. The width (depth) of a link shows the strength (absolute value) of the relationship. The 

network on the left (right) panel is a partial (partial directed) correlations network. The links of the network in the 

right panel denote that one commodity’s volatility predicts that of another commodity in the same window of 

measurement, after controlling for all other commodities’ volatility in the same window and all variables in the 

previous window of measurement. 

 

5. Empirical results and discussion 

We present our results in five subsections for ease of understanding and clarity on the 

rationale and flow of work. Section 5.1 concentrates on total volatility spillover analysis on a 

rolling window. Section 5.2 looks at the dynamic evolution of vitality index and decomposes 

the same into negative and positive shocks. Section 5.3 analyses the network connectedness 

using both total and asymmetric volatility spillover to understand the differential impact. 

Section 5.4 focuses on directional spillover asymmetry and net pairwise asymmetric volatility 

spillover. Finally, in Section 5.5 we look at the optimum portfolios of each of the oil-

commodity pairs subject to minimum tail risk. 

 

5.1. Rolling sample volatility spillover analysis 

Table 2 shows the estimates from the total volatility spillover matrix. The (𝑖, 𝑗)th entry 

in each panel presents the estimated contribution to the forecast-error variance of variable 𝑖 

from the innovations to market  𝑗. The row sums excluding the main diagonal elements (termed 
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“from others”) and the column sums (termed “to others”) report the total spillovers to (received 

by) and from (transmitted by) each volatility.  

We decompose the total volatility spillover index into two directional asymmetry 

spillovers: (i) the receiver of volatility spillovers, termed directionally as “from,” and (ii) the 

transmitter of volatility spillovers, termed as “to.” The dynamic net volatility spillover index is 

then calculated by subtracting the directional “to” spillovers from the directional “from” 

spillovers. Positive (negative) values indicate a transmitter (receiver) of returns and volatility 

to (from) others. 

The results in Table 2 reveal that the total return spillover is 50.6%. The “net” spillover 

shows the net contributors and net recipients of shocks. The precious metals market for 

platinum (36.9%), followed by that of copper (13.2%), exhibit the highest volatility spillover 

on other markets. Crude oil; agro-commodities such as oats, rice, rapeseed, cocoa, coffee, 

cotton, sugar, and cattle; and industrial and precious metals such as aluminum gold are net 

receivers of volatility. We observe that crude oil and oats are the highest net receivers of 

volatility shocks, with 17% and 13%, respectively.  

 We then proceed to examine the volatility spillover to the other markets due to positive 

and negative shocks in each market. Tables 4 and 5 differentiates between positive/good and 

negative/bad volatilities from an individual market across commodity markets. In Table 4, we 

note that the highest positive/good volatility spillover is contributed by platinum (39%), 

followed by copper (19%) and soybeans (12.5%). The receivers of good volatility are crude oil 

(13.4%) and natural gas (1.2%) in energy commodities; palm oil (10%), oats (8.3%), rice 

(8.7%), rapeseed (11.6%), cocoa (7.6%), coffee (9.1%), cotton (10.5%), sugar (3.6%), and 

cattle (11%) in agro-commodities; and aluminum (3.5%) in industrial metal. In Table 5, we 

observe that negative/bad volatilities are majorly contributed by wheat (7.6%) and soybean oil 

(16.5%) in agro-commodities; copper (13.1%) and nickel (5.8%) in industrial metals; and 

palladium (18.2%), platinum (33.7%), and silver (4.3%) in precious metals. Tables 4 and 5 

suggest differences between positive and negative volatility connectedness. The markets 

themselves explain the negative volatility (𝑅𝑆𝑡
−)  of all commodity markets as marginally 

higher than negative volatility (𝑅𝑆𝑡
+). This indicates that volatility connectedness and volatility 

spillover are more influenced by bad news than good news. This also supports the leverage 

effect across markets. 
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Table 2. Total spillovers in daily realized volatility  

 Note: The underlying variance decomposition is based on a daily VAR of order 1 (as determined by the Schwarz information criterion), identified using a generalized VAR spillover framework 

as suggested by Diebold and Yilmaz (2012). The (i,j)th element shows the estimated contribution to the variance of the 10-day-ahead forecast error of market i from innovations to variable j. 

The diagonal elements (i=j) are the own variance share estimates, indicating the fraction of the forecast error variance of market i that is the result of its own shocks. The last column, “From,” 

shows the total spillovers received by a particular market from all other markets, and the “To” row shows the spillover effect directed by a particular market to all other markets. In the lower 

right corner, “Net” indicates total spillovers. 

 
Oil NG Corn Wheat Soybeans 

Soya 

oil Sugar Rubber Rice Oats 

Palm 

oil Rapeseed Cocoa Coffee Cotton Cattle Aluminum Copper Nickel Gold Silver Palladium Platinum From 

Oil 63.51 10.24 0.54 0.62 0.26 1.54 1.98 0.68 0.56 0.47 0.67 0.42 0.92 0.56 0.97 1.27 0.52 3.19 0.77 1.65 1.28 3.77 3.63 36.5 

NG 5.79 89.14 0.12 0.31 0.06 0.29 0.37 0.12 0.04 0.29 0.02 0.26 0.52 0.53 0.12 0.25 0.07 0.56 0.2 0.2 0.17 0.28 0.29 10.9 

Corn 0.19 0.13 37.72 15.83 16.58 6.91 1.77 0.03 1.06 1.75 0.61 1.82 1.28 1.54 6.47 1.03 0.21 0.77 0.52 0.55 0.58 0.95 1.7 62.3 

Wheat 0.29 0.27 15.58 39.43 8.4 8.07 3.54 0.04 1.66 3.41 0.19 1.57 3.83 1.96 3.77 1.49 0.8 1.08 0.49 0.53 0.49 1.1 2.02 60.6 

Soybeans 0.16 0.14 16.72 8.52 37.61 10.65 1.09 0.09 1.14 1.77 1.19 4.34 0.64 1.07 6.8 1.15 0.28 1.35 1.14 0.75 1.17 0.72 1.49 62.4 

Soya oil 0.78 0.18 6.55 7.99 9.92 33.64 3.31 0.6 1.24 2.88 3.08 4.56 1.77 1.91 3.35 2.59 0.71 2.78 1.94 1.42 1.97 2.89 3.95 66.4 

Sugar 1.11 0.33 1.94 4.14 1.23 3.84 37.9 2.13 2.5 2.15 0.55 1.88 9.34 5.51 2.5 4.09 2.01 2.83 1.6 1.08 1.41 3.69 6.26 62.1 

Rubber 0.2 0.08 0.12 1.21 0.09 0.48 0.3 84.77 0.21 0.42 0.7 0.32 0.09 0.58 0.67 0.67 0.33 1.76 0.77 1.36 0.54 2.38 1.95 15.2 

Rice 0.4 0.11 1.7 2.7 1.78 1.97 3.12 1.11 64.6 0.99 0.47 2.77 2.27 1.46 2.27 2.29 0.67 1.5 0.86 0.83 0.89 2.09 3.16 35.4 

Oats 0.56 0.41 2.94 5.66 3.03 4.85 2.81 0.36 1.1 58.23 0.05 3.02 2.67 2.9 1.86 2 0.92 0.58 0.94 0.7 0.97 1.32 2.14 41.8 

Palm oil 0.65 0.03 1.34 0.4 2.37 5.17 0.5 1.41 0.54 0.1 67.99 0.74 0.31 0.23 0.93 0.43 0.05 5.38 1.06 2.14 2.4 2.55 3.3 32 

Rapeseed 0.32 0.13 2.46 2.16 6.18 6.22 2.65 0.33 2.04 2.71 0.89 47.09 2.6 4.24 2.85 1.24 0.93 1.1 2.61 2.07 3.65 2.82 2.7 52.9 

Cocoa 0.57 0.74 1.58 5.21 0.76 2.25 10.94 1.54 1.83 2.01 0.14 2.06 44.67 4.14 2.44 2.83 2.94 2.09 1.32 0.75 1.15 3.1 4.94 55.3 

Coffee 0.47 0.6 2.18 2.93 1.58 2.6 6.77 0.29 0.65 2.69 0.54 4.35 4.82 49.1 2.34 2.72 1.61 1.66 1.2 2.34 2.26 2.33 3.96 50.9 

Cotton 0.7 0.11 8.52 4.97 8.58 4.4 2.85 0.41 2.06 1.46 0.82 2.66 2.34 2.15 45.87 1.74 0.62 1.37 0.9 1.31 1.18 2.31 2.66 54.1 

Cattle 0.98 0.33 1.5 2.21 1.6 4.08 5.37 1.06 2.16 1.6 0.61 1.29 3.4 2.87 1.94 51.23 1.51 2.18 1.66 1.53 1.6 4.53 4.77 48.8 

Aluminum 0.4 0.12 0.3 1.18 0.37 0.98 2.5 0.16 0.66 0.77 0.45 0.86 3.03 1.59 0.68 1.44 56.37 5.31 12.47 1.36 1.71 3.86 3.44 43.6 

Copper 1.04 0.08 0.63 0.89 1.17 2.32 1.76 1.77 0.63 0.34 7.65 0.63 1.35 0.96 0.82 0.96 2.62 41.1 7.62 5.08 5.9 6.02 8.65 58.9 

Nickel 0.41 0.25 0.26 0.57 0.78 1.92 1.52 0.71 0.56 0.65 2.39 1.89 1.28 1.1 0.65 1.15 8.43 10.58 47.9 2.01 4.61 5.07 5.31 52.1 

Gold 1.03 0.13 0.65 0.57 0.78 1.68 0.93 1.44 0.55 0.38 1.86 1.64 0.73 1.33 0.99 1.08 0.97 5.24 2.17 36.84 17.43 5.23 16.34 63.2 

Silver 0.63 0.13 0.49 0.53 1.02 2.37 1.17 0.7 0.49 0.51 4.4 2.47 1.27 1.33 0.79 0.94 1.09 7.09 3.59 15.14 37.72 4.78 11.37 62.3 

Palladium 1.56 0.13 0.7 1.09 0.54 2.44 2.56 2.74 1.31 0.67 1.54 2 2.01 1.51 1.54 2.43 2.33 6.55 4.63 4.17 4.39 37.26 15.89 62.7 

Platinum 1.3 0.14 0.97 1.43 0.98 2.74 3.6 2.13 1.57 0.81 2.49 1.32 2.59 1.95 1.35 2.17 1.65 7.12 3.5 11.32 8.98 12.84 27.04 73 

To 19.5 14.8 67.8 71.1 68.1 77.7 61.4 19.8 24.6 28.8 31.3 42.9 49.1 41.4 46.1 36 31.2 72.1 52 58.3 64.7 74.7 109.9 1163.3 

All 83 104 105.5 110.5 105.7 111.4 99.3 104.6 89.2 87 99.3 90 93.7 90.5 92 87.2 87.6 113.2 99.9 95.1 102.5 111.9 136.9 50.60% 

Net -17 3.9 5.5 10.5 5.7 11.3 -0.7 4.6 -10.8 -13 -0.7 -10 -6.2 -9.5 -8 -12.8 -12.4 13.2 -0.1 -4.9 2.4 12 36.9  
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Table 3. Total volatility spillovers in semi-variances 𝑅𝑆𝑡
+ 

 Oil NG Corn Wheat Soybeans 
Soya 

oil 
Sugar Rubber Rice Oats 

Palm 

oil 
Rapeseed Cocoa Coffee Cotton Cattle Aluminum Copper Nickel Gold Silver Palladium Platinum From 

Oil 65.79 6.48 0.46 0.4 0.49 2.54 1.94 0.98 0.45 0.19 0.48 0.22 0.91 0.36 0.99 0.81 1 4.11 0.97 1.92 1.29 3.1 4.11 34.2 

NG 3.73 90.63 0.1 0.32 0.01 0.18 0.69 0.1 0.01 0.69 0.05 0.09 0.61 0.92 0.05 0.16 0.06 0.84 0.09 0.15 0.06 0.22 0.26 9.4 

Corn 0.18 0.04 47.7 16.84 17.35 4.34 1.01 0.07 0.69 1.57 0.3 0.79 0.69 0.84 1.92 0.41 0.33 0.71 0.85 0.52 0.51 0.64 1.69 52.3 

Wheat 0.21 0.16 16.59 47.61 10.92 3.53 2.44 0.01 1.8 2.39 0.15 0.73 3.09 0.95 1.81 0.63 1.44 1.08 0.8 0.38 0.41 0.86 2 52.4 

Soybeans 0.27 0.02 15.28 10.12 43.24 10.13 0.82 0.21 1.09 2.37 0.83 2.82 0.31 0.71 2.66 0.49 0.55 1.98 1.89 0.61 0.9 0.78 1.93 56.8 

Soya oil 1.52 0.05 3.96 3.42 10.13 40.72 2.42 0.82 1.22 1.58 4.61 3.64 1.11 1.78 1.62 1.92 1.24 3.86 2.94 1.67 2.14 2.77 4.85 59.3 

Sugar 1.41 0.53 1.17 2.95 1.26 3.09 48.36 2.11 1.94 1.66 0.19 0.78 7.6 4.22 1.4 2.58 3.43 2.67 1.68 1.08 1.07 3 5.81 51.6 

Rubber 0.71 0.03 0.1 0.84 0.35 0.83 0.35 86.58 0.21 0.26 0.65 0.13 0.04 0.31 0.23 0.16 0.2 2.56 0.97 0.8 0.27 1.7 1.73 13.4 

Rice 0.35 0.08 1.06 2.56 1.82 1.91 2.61 1.12 72.56 0.77 0.25 1.67 1.41 0.95 1.19 1.14 1.34 1.29 0.8 0.56 0.43 1.72 2.4 27.4 

Oats 0.29 0.73 2.15 3.94 4.26 2.6 2.01 0.31 0.82 68.6 0.06 1.94 2.39 2.59 1.21 0.85 0.78 0.67 0.64 0.4 0.59 0.72 1.44 31.4 

Palm oil 0.7 0.08 0.58 0.23 1.78 8.51 0.09 0.69 0.27 0.07 71.54 1.8 0.14 0.13 0.54 0.18 0.08 7.27 0.38 1.12 0.86 1.49 1.46 28.5 

Rapeseed 0.25 0.08 1.44 1.61 5.91 5.14 1.36 0.25 1.35 2.12 2.03 60.14 1.7 4.41 1.18 0.56 0.84 0.62 1.97 1.55 2.19 1.55 1.77 39.9 

Cocoa 0.71 0.79 0.84 4.47 0.39 1.56 8.59 0.94 1.17 2.06 0.09 0.93 54.93 2.52 1.06 1.71 4.74 2.51 1.67 0.99 1.27 2.29 3.77 45.1 

Coffee 0.35 0.61 1.31 1.68 1.47 2.69 5.07 0.15 0.41 2.73 0.54 4.47 3.12 60.55 1.17 0.92 1.85 1.3 0.95 1.7 1.88 1.51 3.58 39.4 

Cotton 0.99 0.05 2.86 2.84 4.43 2.75 1.67 0.25 1.44 1 0.49 1.25 1.15 1.03 66.31 0.69 1.2 1.89 1.39 1.14 0.93 1.9 2.35 33.7 

Cattle 0.84 0.1 0.61 1.02 0.78 3.24 3.61 0.67 1.27 0.81 0.22 0.65 2.15 1.09 0.67 68.61 1.71 1.84 1.17 1.21 1.16 2.84 3.72 31.4 

Aluminum 0.68 0.1 0.25 1.64 0.58 1.29 3.1 0.2 0.82 0.52 0.19 0.54 3.86 1.27 0.78 1.21 54.17 7.29 11.14 1.28 1.56 3.37 4.15 45.8 

Copper 1.81 0.11 0.51 0.83 1.66 3.12 1.55 1.54 0.52 0.32 4.41 0.31 1.41 0.69 0.87 0.74 4.65 43.21 7.68 4.94 4.85 5.47 8.81 56.8 

Nickel 0.61 0.19 0.78 0.8 1.85 3.06 1.41 0.58 0.49 0.42 0.59 1.2 1.17 0.7 0.85 0.77 8.75 10.61 51.05 1.88 3.38 3.61 5.26 49.0 

Gold 1.09 0.09 0.48 0.4 0.62 1.62 0.83 0.85 0.25 0.25 0.34 1.08 0.46 1.07 0.55 0.74 1.15 3.9 1.5 40.43 20.98 3.76 17.56 59.6 

Silver 0.73 0.1 0.44 0.47 0.99 2.1 0.84 0.39 0.23 0.36 0.77 1.35 0.77 1.17 0.51 0.68 1.38 5.67 2.8 20.54 40.97 3.12 13.62 59.0 

Palladium 1.77 0.1 0.6 0.82 0.84 2.96 2.29 2.1 1.2 0.42 0.53 1.07 1.54 0.95 1.05 1.52 2.97 6.38 4.12 3.53 3.03 44.43 15.79 55.6 

Platinum 1.64 0.11 1.01 1.39 1.38 3.24 3.26 2.06 1.07 0.55 0.72 0.81 1.91 1.68 0.85 1.52 2.56 6.74 3.19 12.27 9.75 11.39 30.88 69.1 

To 20.8 10.6 52.5 59.6 69.3 70.4 48 16.4 18.7 23.1 18.5 28.3 37.5 30.3 23.2 20.4 42.3 75.8 49.6 60.2 59.5 57.8 108.1 1001 

All 86.6 101.3 100.2 107.2 112.5 111.1 96.3 103 91.3 91.7 90 88.4 92.5 90.9 89.5 89 96.4 119 100.7 100.7 100.5 102.2 138.9 43.5% 

Net -13.4 1.2 0.2 7.2 12.5 11.1 -3.6 3 -8.7 -8.3 -10 -11.6 -7.6 -9.1 -10.5 -11 -3.5 19 0.6 0.6 0.5 2.2 39  

Note: The underlying variance decomposition is based on a daily VAR of order 1 (as determined by the Schwarz information criterion), identified using a generalized VAR spillover framework, as 

suggested by Diebold and Yilmaz (2012). The (i,j)th element shows the estimated contribution to the variance of the 10-day-ahead forecast error of market i from innovations to variable j. The 

diagonal elements (i=j) are the own variance share estimates, indicating the fraction of the forecast error variance of market i that is the result of its own shocks. The last column, “From,” shows 

the total spillovers received by a particular market from all other markets, and the “To” row shows the spillover effect directed by a particular market to all other markets. In the lower right corner, 

“Net” indicates total spillovers. 
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Table 4. Total volatility spillovers in semi-variances 𝑅𝑆𝑡
− 

 
Oil NG Corn Wheat Soybeans 

Soya 

oil Sugar Rubber Rice Oats 

Palm 

oil Rapeseed Cocoa Coffee Cotton Cattle Aluminum Copper Nickel Gold Silver Palladium Platinum From 

Oil 69.74 9.41 0.41 0.7 0.16 0.96 1.49 0.44 0.61 0.53 0.57 0.23 0.85 0.57 0.66 0.68 0.24 2.6 0.8 0.65 0.78 3.86 3.05 30.3 

NG 8.02 88.64 0.04 0.15 0.09 0.17 0.2 0.07 0.06 0.1 0.01 0.15 0.89 0.27 0.04 0.2 0.09 0.05 0.3 0.04 0.12 0.14 0.15 11.4 

Corn 0.22 0.11 43.47 15.5 16.95 7.86 1.32 0.01 0.72 1.05 0.74 1.84 0.74 1.2 2.96 0.63 0.04 0.99 1.05 0.3 0.49 0.78 1.02 56.5 

Wheat 0.4 0.19 14.47 43.73 5.88 12.26 3.14 0.04 1.07 4.13 0.26 1.18 2.79 1.55 3.27 0.97 0.32 0.93 0.3 0.36 0.44 0.82 1.51 5   56.3 

Soybeans 0.13 0.11 17.45 6.31 44.41 12.66 0.87 0.02 0.7 0.95 1.41 4.27 0.38 0.84 3.43 0.72 0.12 1.18 1.12 0.45 1.11 0.44 0.91 55.6 

Soya oil 0.48 0.12 6.76 11.05 10.62 37.16 2.75 0.37 0.96 3.16 1.57 4.02 1.35 1.4 2.58 1.73 0.38 2.99 1.65 0.98 2.03 2.59 3.29 62.8 

Sugar 0.87 0.14 1.42 3.51 0.85 3.34 44.44 1.35 2.72 1.97 1.05 1.7 9.35 5.48 2.61 3.44 1.01 2.4 1.24 0.86 1.16 3.62 5.48 55.6 

Rubber 0.14 0.08 0.09 0.64 0.02 0.45 0.29 85.75 0.15 0.49 1.73 0.46 0.12 0.48 0.78 1.7 0.18 1.46 0.94 0.29 0.26 2.07 1.44 14.2 

Rice 0.44 0.1 1.1 1.74 1.07 1.62 3 0.61 72 1.12 0.46 1.4 2.07 1.09 1.55 2.38 0.3 1.47 0.77 0.47 0.59 1.97 2.69 28 

Oats 0.58 0.11 2.35 6.4 1.41 5.43 2.67 0.34 1.13 63.21 0.04 2.3 1.6 1.88 2.09 1.74 1.18 0.65 0.84 0.44 0.62 1.6 1.4 36.8 

Palm oil 0.35 0.01 1.16 0.52 2.35 3.56 1.22 1.64 0.38 0.06 71.59 0.59 0.09 0.34 0.83 0.41 0.11 3.1 2.26 0.8 3.83 2.32 2.49 28.4 

Rapeseed 0.2 0.05 2.33 1.5 5.56 5.93 2.36 0.59 1.01 2.06 0.88 53.8 1.97 3.33 1.96 1.52 0.42 0.79 2 1.42 4.5 3.33 2.49 46.2 

Cocoa 0.52 0.6 0.82 3.78 0.44 1.91 11.38 1.1 1.77 1.29 0.07 1.7 53.74 4.58 2.55 2.48 1.27 1.03 0.47 0.64 0.54 2.7 4.62 46.3 

Coffee 0.5 0.38 1.69 2.22 1.09 1.96 6.76 0.28 0.49 1.67 0.42 3.35 4.82 54.75 2.64 2.74 0.68 1.51 1.08 2.41 2.25 2.46 3.84 45.3 

Cotton 0.56 0.03 3.87 4.39 4.4 3.75 3.19 0.41 1.44 1.76 0.62 2.01 2.55 2.68 55.67 2.03 0.4 1.65 1.12 0.81 1.21 2.47 2.98 44.3 

Cattle 0.66 0.22 0.95 1.36 0.97 3.03 4.42 1.65 2.25 1.3 0.58 1.59 2.9 2.83 2.14 59.13 0.71 1.82 1.44 0.68 0.93 4.65 3.79 40.9 

Aluminum 0.23 0.05 0.11 0.5 0.17 0.65 1.37 0.06 0.4 0.96 0.17 0.48 1.34 0.83 0.49 0.78 66.52 4.16 12.37 0.72 1.38 3.86 2.39 33.5 

Copper 0.76 0.03 0.7 0.78 0.98 2.83 1.45 0.87 0.75 0.25 1.67 0.44 0.68 0.94 1.04 0.82 2.19 44.67 10.3 4.13 7.77 6.64 9.33 55.3 

Nickel 0.4 0.1 0.05 0.33 0.29 1.41 1.11 0.57 0.49 0.59 1.27 1.21 0.71 0.93 0.87 0.93 7.93 12.36 49.55 1.64 5.59 6.27 5.38 50.5 

Gold 0.61 0.03 0.53 0.34 0.53 1.49 0.74 0.72 0.47 0.27 1.59 1.24 0.61 1.49 0.65 0.52 0.47 4.97 2.43 43.19 14.4 5.6 17.08 56.8 

Silver 0.42 0.06 0.34 0.41 0.87 3.44 0.9 0.25 0.37 0.35 2.61 3.16 0.8 1.35 0.77 0.46 0.76 8.63 4.67 12.11 40.67 5.95 10.62 59.3 

Palladium 1.48 0.06 0.33 0.71 0.26 2.05 2.05 2.04 1.21 0.76 1.18 2.5 1.52 1.45 1.41 2.27 1.91 6.46 5.23 3.64 5.22 39.32 16.93 60.7 

Platinum 1.18 0.07 0.57 1.02 0.57 2.52 2.97 1.26 1.56 0.54 1.56 1.27 2.26 1.89 1.46 1.74 1 7.23 3.91 11.39 8.42 14.79 30.82 69.2 

To 19.2 12.1 57.5 63.9 55.5 79.3 55.7 14.7 20.7 25.4 20.5 37.1 40.4 37.4 36.8 30.9 21.7 68.4 56.3 45.2 63.6 78.9 102.9 1044.1 

All 88.9 100.7 101 107.6 100 116.5 100.1 100.4 92.7 88.6 92.1 90.9 94.2 92.1 92.4 90 88.2 113.1 105.8 88.4 104.3 118.3 133.7 45.40% 

Net -11.1 0.7 1 7.6 -0.1 16.5 0.1 0.5 -7.3 -11.4 -7.9 -9.1 -5.9 -7.9 -7.5 -10 -11.8 13.1 5.8 -11.6 4.3 18.2 33.7  

Note: The underlying variance decomposition is based on a daily VAR of order 1 (as determined by the Schwarz information criterion), identified using a generalized VAR spillover framework, 

as suggested by Diebold and Yilmaz (2012). The (i,j)th element shows the estimated contribution to the variance of the 10-day-ahead forecast error of market i from innovations to variable j. The 

diagonal elements (i=j) are the own variance share estimates, indicating the fraction of the forecast error variance of market i that is the result of its own shocks. The last column, “From,” shows 

the total spillovers received by a particular market from all other markets, and the “To” row shows the spillover effect directed by a particular market to all other markets. In the lower right corner, 

“Net” indicates total spillovers.
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5.2. Dynamic volatility connectedness and asymmetry4 

 In this section, we estimate the time-varying forecasted error variance decomposition of 

realized variance, semi-variances, and 𝑆𝐴𝑀. Fig. 5(a) shows the total volatility spillover over 

time. We note the sharp rise in total spillover during the second half of 2015 until the beginning 

of 2016. This is when oil prices fell about 60% from their peak in mid-2014 to August 2015 

(Davig et al., 2015). This period of volatile oil prices was due to changes in both supply and 

demand. Additionally, changes in the expectations on futures oil markets conditions also 

impacted oil price volatility. The effects of market expectations are confirmed by the change in 

the oil volatility index (OVX). The OVX was at its highest, increasing to more than 80%, which 

suggests the expectations on the market on high oil price volatility. Oil price continued to fall 

and remained volatile until mid-2016. Total spillover again increased to more than 70% in 2018. 

The high volatility during the period coincided with the downward oil price trend owing to shifts 

in the market’s assessment on oil supply prospects. In the first half of 2018, oil prices 

experienced upward pressure owing to falling production in Venezuela and oil exports by Iran 

after the US reinstated their sanctions on the latter (Quint, 2019). Fig. 5(b) shows the dynamic 

connectedness both of positive volatility and semi-variances (𝑅𝑆𝑡
+) and of negative volatility 

and semi-variances (𝑅𝑆𝑡
−). The positive volatility spillover is relatively small and confined to 

the range of 65%, whereas the negative volatility spillover shows higher jumps and reached 

more than 70% during the volatile period of 2016–2017 and in 2018. However, in 2015, positive 

volatility exceeded negative volatility. Notably, oil price falls in 2015 appeared as positive 

volatility to the commodity markets, whereas oil price increases in 2018 again created negative 

volatility for the entire commodity market. These results of dynamic positive and negative 

volatility spillover are consistent with those of Luo and Ji (2018), who also reported that positive 

volatility spillover may match the high level of negative volatility for some time.  

Fig. 5(c) provides more insights into the total volatility connectedness, combining both 

positive and negative semi-variances of volatility. SAM is estimated for all 23 commodities 

including energy, agro-commodities, and industrial and precious metals with the realized semi-

variances as inputs. Between 2015 until the end of 2016, positive volatility was higher than 

negative volatility. This period witnessed a change in OPEC’s oil output strategy to stop the 

production quotas to regain market share and overcome challenges before US shale oil 

producers did to remain profitable (Quint, 2019). Consequently, oil prices fell, which created 

 
4 We also perform robustness checks (appendix-1) to assess whether spillover results are sensitive to the choice 

of rolling windows and different horizons of forecast error-variance decomposition. 
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more positive volatility, and this effect prevailed over the negative volatility in the commodity 

markets. In contrast, we find that for the period starting 2016 until the end of the sample period, 

asymmetries due to negative shocks or volatility were observed in the negative domain. The 

volatility due to negative shocks or negative semi-variances (𝑅𝑆𝑡
−) dominated and showed a 

higher magnitude from the second half of 2016 until the first half of 2017. The dominance of 

negative volatility originates from the channel of the upward trend in oil prices in 2016, which 

continued until the second half of 2017. However, in 2019, we do not observe any reversal of 

the dominance of negative volatility despite oil prices falling to $46 per barrel. This was due to 

the slow economic activity and growth across emerging and OECD economies in 2019. The 

slow economic growth placed downward pressure on oil prices. This phenomenon is in line with 

the forecast of the International Energy Agency, which revised oil prices downward during the 

same period. As Wang and Wu (2018) argued, the dynamics of 𝑆𝐴𝑀 also indicates the market 

expectations on present and near-future movements. The positive 𝑆𝐴𝑀 for the sample period of 

2015 indicates that most commodity markets received the fall in oil prices as positive shocks; 

conversely, the oil price hike in 2016 until the second half of 2017 seemed to transmit negative 

shocks to other commodities. The fall in the oil demand in 2019 due to slower economic growth 

also resulted in a negative shock transmission across the oil and commodity markets. 

 

Fig. 5. Total volatility spillover in aggregated commodity markets 

 (a) Aggregate volatility spillover 
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  (b) Total volatility spillover due to positive and negative shocks 

 

 

 

 

 

 

 

 

 

 

 

 

(c) Spillover asymmetry 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Notes: Panel (a): Spillovers from realized volatility. Panel (b): Spillovers from 𝑅𝑆𝑡
+(dashed), 𝑅𝑆𝑡

−(solid). Panel (c): 

Spillover asymmetry measure (𝑆𝐴𝑀). 
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5.3. Connectedness network 

Fig. 6 illustrates the volatility spillover networks among energy and non-energy 

commodity markets including agro-commodities and industrial and precious metals. The color 

of each node indicates the nature of the market. For example, a red (green) node denotes the 

most significant transmitter (recipient). The node size determines the magnitude of spillover. 

Fig. 6 shows the network of volatility connectedness among all the commodity markets. We 

note that agro-commodity markets (rubber, soybeans, soya oil, corn, and wheat), industrial 

metals such as copper, and all precious metals except gold are net transmitters of shocks to 

other markets including oil. Moreover, natural gas is a net transmitter of shocks. The findings 

of agro-commodities being net transmitters are consistent with those of Dahl et al. (2019). All 

the other agro-commodities; copper, aluminum, and nickel; and gold are net receivers of 

shocks. Particularly, oil is strongly connected with natural gas, moderately connected with 

metals (industrial and precious), and agro-commodities. The findings of oil being a net receiver 

of shocks, including both positive and negative volatility, are consistent with those of 

Kaltalioglu and Soytas (2011), Awartani et al. (2016), Kang et al. (2017), Shahzad et al. (2018), 

and Dahl et al. (2019).  

Fig. 7 illustrates the asymmetric volatility spillover networks among different markets. 

We note in Fig. 4a that the same five agro-commodities—soybeans, soy oil, corn, rubber, and 

wheat—are net transmitters of positive volatility. Unlike Fig. 6, gold becomes a net transmitter 

of positive volatility along with the other three precious metals. Interestingly, nickel and copper 

both become net transmitters of positive volatility. Fig 7(b) exhibits some interesting facets of 

spillover connectedness due to negative volatility. In Fig. 7(b), the commodities come closer 

in the network as compared to Fig. 7(a). We notice that soybean is no longer a net transmitter 

of negative volatility whereas sugar is added as the transmitter of negative shocks. Among 

industrial metals, nickel is a net transmitter of negative volatility. Interestingly, gold is a net 

receiver of negative volatility. Unlike other precious metals, the nature of the volatility 

relationship of gold with other commodities makes it suitable for portfolio hedging. Moreover, 

the agro-commodities directly linked to ethanol production have strong negative volatility 

spillover effects. Industrial and precious metals directly connected to economic growth remain 

volatility transmitters to the oil and other commodity markets. 
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Fig. 6. Volatility spillover network of realized volatility among the oil and commodity 

markets 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Notes: The node size shows the magnitude of a net transmission/reception TO/FROM other variables. A red 

(green) node is the most significant transmitter (receiver). The edge size shows the magnitude of the pairwise 

spillover; the magnitude is also reflected in the color [green (weak), light blue (medium), blue and red (strong)]. 

 

Fig. 7. Asymmetric volatility spillover networks among different markets 

(a) Spillover network due to positive volatility 
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(b) Spillover network due to negative volatility 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Notes: Figs. 7(a) and 7(b) exhibit volatility spillover connectedness due to positive (𝑅𝑆𝑡
+) and negative (𝑅𝑆𝑡

−) 

semi-variances. The node size shows the magnitude of a net transmission/reception TO/FROM other variables. A 

red (green) node indicates the most significant transmitter (receiver). The edge size shows the magnitude of the 

pairwise spillover; this magnitude is also reflected in the color [green (weak), light blue (medium), blue and red 

(strong)]. 

 

5.4. Net pairwise asymmetric volatility spillovers 

Next, we direct our attention to the directional spillover asymmetry and net pairwise 

asymmetric volatility spillover to determine the contribution of (receipt by) individual 

commodity markets volatility to (from) oil markets. Fig. 8(a1 a2, b1, b2) presents the 

directional spillover asymmetry measure. The left panel (SAM From) of Fig. 5 depicts the 

receipt of spillover asymmetry of the oil and natural gas markets from other commodities, 

denoted by 𝑆𝐴𝑀𝑖←∗ . The right panels illustrate transmission or contribution of volatility 

asymmetry from the oil market (SAM TO) to other commodities, denoted by 𝑆𝐴𝑀𝑖→∗. Both 

𝑆𝐴𝑀𝑖←∗ and 𝑆𝐴𝑀𝑖→∗ allow us to evaluate the extent to which volatility to (from) the oil market 

spills over from (to) other commodity markets asymmetrically. 

The left panel (SAM From) of Fig. 9 illustrates the receipt of spillover asymmetry of 

market i from the oil market, denoted by 𝑆𝐴𝑀𝑖←∗. The right panels illustrate transmission or 

contribution of volatility asymmetry from market i to the oil market (SAM TO), denoted by 

𝑆𝐴𝑀𝑖→∗ . Both 𝑆𝐴𝑀𝑖←∗  and 𝑆𝐴𝑀𝑖→∗  allow us to determine the extent to which volatility to 

(from) the ith market spills over from (to) the oil market asymmetrically. For example, if the 

negative spillover from one market is larger than the positive spillover, 𝑆𝐴𝑀 𝐹𝑅𝑂𝑀 takes a 
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negative value. This information provides the direction of asymmetry of volatility across 

markets.5 

We find that positive spillover dominates both in the oil and natural gas markets, except 

in the first half of 2017. The asymmetry largely caused by positive volatility spillover from and 

to other markets exceeded 80% in 2016. The asymmetry dominated by negative volatility 

spillover also exceeded 90% in 2017. In conclusion, negative shocks dominate positive 

volatility in the energy markets.  

The graphs indicate that the volatility spillover received from oil by the agro- 

commodities used for biofuel and ethanol production such as corn, wheat, soybeans, and sugar 

is dominated by negative volatility [Fig. 9 (c1), (d1), (e1), (f1)]. For example, wheat received 

negative volatility spillover in 2015, and so did corn, soybeans, and sugar. However, these 

commodities transmitted positive volatility in 2015, 2018, and 2019 to oil. The dominance of 

negative spillover from oil in 2015–2016 coincides with the fall in oil price. This suggests that 

when oil price falls, there is less incentive to produce more agro-commodities used for ethanol 

production and vice versa, leading to increased negative spillover between crude oil and agro-

commodities (Dahl et al., 2019). For other agro-commodities such as soya oil, palm oil, 

rapeseed, rice, oats, cocoa, coffee, and cotton, the spillover asymmetry received (contributed) 

from (to) others do not exhibit any specific pattern. Nonetheless, one common phenomenon is 

that these commodities receive and transmit shocks dominated by negative volatility. The 

results of agro-commodities used for biofuel and non-biofuel production are in line with the 

findings of Wang et al. (2014).  

For industrial metals such as aluminum, copper, and nickel, negative volatility spillover 

received by them from oil is most pronounced, and the magnitude of asymmetry exceeded 40% 

and 50% in 2017 for aluminum and copper, respectively [Fig. 9 (q1), (r1), (s1)]. However, the 

degree of asymmetry due to negative volatility received by nickel increased to 50% in 2016 

[Fig 9 (s1)]. The oil price dip in 2015 affected the copper and nickel markets with more positive 

volatility as low oil price reduced firms’ energy cost. Notably, in 2018 and 2019, the fall in oil 

price did not lead to a positive spillover from oil or energy markets to metals. This can be 

attributed to the stagnation of economic growth across the world in 2019. Heavy metals such 

as aluminum, copper, and nickel are the main inputs for industrial production and construction. 

 
5 In the interest of brevity, we report and discuss the results with respect to oil. Moreover, the results of net pair-

wise asymmetric spillover (SAM ‘FROM’ and ‘TO’) with natural gas are not encouraging. The results are 

available on request. 
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The “risk off” behavior of investors exhibited by their shift of investments out of construction 

projects negatively impacted the industrial metals markets (Umar et al., 2019).  

For precious metals such as gold, silver, palladium and platinum, we notice different 

patterns of volatility asymmetry as received and contributed by them [Fig. 9 (t1), (u1), (v1), 

(w1)]. Gold, considered one of the most important precious metals that significantly influences 

portfolio decisions, witnessed a sharp increase in positive volatility spillover from oil to 50%. 

This trend changed with the dominance of negative (positive) volatility in 2016–2017 (2018). 

However, volatility spillover contributed by gold is the highest among those of all four precious 

metals [Fig. 9 (t2)]. In 2016 and 2018, the contribution of positive volatility spillover by gold 

was 100% and 60%, respectively. In contrast, shock spillover from gold remained more on the 

negative side in 2017 and 2019. Interestingly, for silver, we find that spillover received is 

dominated by both positive and negative volatility. For example, in 2015, the positive semi-

variance prevailed, whereas in 2017 and 2019, negative shocks dominated. In contrast, when 

shocks are caused by silver, negative shocks mostly occurred except in the last days of 2017 

and 2019. We observe a similar pattern of asymmetric volatility spillover received during 2015, 

2016–2017, and 2018–2019 in the case of palladium as well. The metal’s contributions of 

asymmetric volatility spillover are also very high. The volatility spillover transmitted by 

palladium increased to 60% positive and 90% negative in 2015 and 2016–2017, respectively 

[Fig. 9 (v2)]. As we can observe, palladium transmitted and received mostly negative shocks. 

The results are consistent with Lau et al. (2019) in that palladium, which has more industrial 

importance than other precious metals, has volatility linkage with oil-palladium, with 

predominantly negative shocks. In the case of platinum, its contribution of volatility spillover 

was more than what it received during the sample period [Fig. 9 (w1), (w2)]. The volatility 

contributions increased to 80% in 2015, dominated by positive volatility. Interestingly, we 

observe a common pattern among precious metals. When oil prices fell, such as in 2015, the 

volatility spillover received by precious metals was more on the positive side; however, in 2016 

and 2017, when oil prices showed a steady increase, precious metals began to receive more 

negative volatility. The dominance of negative volatility spillover to precious metals resurfaced 

in 2019 despite the drop in oil price. This may be attributed to a general decline in the growth 

of the world economy. Furthermore, precious metals contributed greater spillover than what 

they received. These findings are consistent with the results of Kang et al. (2017). The phases 

of the domination of positive and negative volatility followed similar patterns in the case of 

both spillovers to and from precious metals. Thus, whenever the fall in oil prices is caused by 

economic turmoil, the spillover received and contributed by precious metals is dominated by 
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negative volatility. We can thus conclude that the nature of volatility spillover between the oil 

and precious metals prices acts as a predictor of economic conditions (Shahzad et al., 2017). 

The fall in oil prices transfers more positive price shocks to precious metals, especially gold, 

as the inflationary effect would be less (Wang and Chueh, 2013).6 The positive (negative) oil 

market price shocks being spilled over positively (negatively) to the other precious metals can 

be explained in similar lines. Our results indicating a volatility relationship of oil prices with 

silver and platinum and other precious metals are consistent with those of Jain and Ghosh 

(2013)7, Behmiri and Manera (2015), and Reberedo and Ugolinin (2016).  

 

Fig. 8. Directional spillover asymmetry for energy markets 

Notes: These figures show the directional spillover asymmetry received by oil and natural gas markets from other 

markets [“SAM From” (𝑆𝐴𝑀𝑖→∗)] and contributed by oil and natural gas markets to others [“SAM To” (𝑆𝐴𝑀𝑖→∗)]. 

The figures in the first and second column indicate 𝑆𝐴𝑀𝑖→∗  and 𝑆𝐴𝑀𝑖→∗, respectively. 

  

 
6 The same relationship was also highlighted by Narayan et al. (2010), who estimated the gold price elasticity to 

oil price as 0.356. Similar inflationary effects between oil and gold were also detected by O’Connor et al. (2015).  
7 We differ from Jain and Gosh (2013) in that, in our study, oil and platinum does not have any relationship. In 

our findings, oil-platinum has volatility linkage. 

  

 

 

 

 

 

 

  

(a1) Crude oil 
(a2) Crude oil 

(b1) Natural gas (b2) Natural gas 
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Fig. 9. Net pairwise spillover asymmetry for commodity markets 

 

 

 

 

 

 

 

 

  

  

  

(c1) Corn (c2) Corn 

(d1) Wheat (d2) Wheat 

(e1) Soybeans (e2) Soybeans 

(f1) Sugar (f2) Sugar 
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(h1) Palm oil (h2) Palm oil 

(i1) Oats (i2) Oats 

(j1) Rice (j2) Rice 

(g1) Soya oil (g2) Soya oil 
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(k1) Rapeseed (k2) Rapeseed 

(l1) Cocoa 
(l2) Cocoa 

(m1) Coffee (m2) Coffee 

(n1) Cotton (n2) Cotton 

(o1) Rubber 
(o2) Rubber 
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(p1) Cattle (p2) Cattle 

(q1) Aluminum (q2) Aluminum 

(r1) Copper (r2) Copper 

(s1) Nickel (s2) Nickel 
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Notes: The figures indicate net pairwise spillover asymmetry between oil and other commodities. The left (right) 

column exhibits spillover asymmetry received by one particular market from oil “SAM From” (𝑆𝐴𝑀𝑖→∗) and 

contributed by one particular commodity market to oil “SAM To” (𝑆𝐴𝑀𝑖→∗). 

 

 

 

(t1) Gold (t2) Gold 

(u1)Silver (u2)Silver 

(v1) Palladium (v2) Palladium 

(w1) Platinum (w2) Platinum 
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Our overall results suggest that the agro-commodities used for biofuel and ethanol 

production such as wheat, corn, soybeans, and sugar receive spillover from other commodities 

when dominated by negative spillover. The usage of agro-commodities such as corn, soybeans, 

and wheat increase when there is an oil price hike and vice versa. Hence, any fall in oil prices 

is a source of negative volatility for biofuel-based crops. The demand for biofuels was 

estimated to account for 60%–70% of the hike in corn prices, 40% of that in soybeans, and 

25% of that in wheat prices (Collins, 2008; Lipsky, 2008; Headey and Fan, 2008). Wheat, 

sugar, and corn may thus play a dominant role in the world market as net volatility contributors. 

These findings are in agreement with those of Ji and Fan (2012), Ghorbel et al. (2017), and Ji 

et al. (2018) in that energy and agro-commodities tend to follow each other. Moreover, 

consistent with the findings of Ji et al. (2018), the corn and soybean market remain highly 

exposed to oil price risk. The risk in the oil markets contribute to the risk of agro-commodities. 

Industrial metals also show a receipt of volatility from oil due to negative volatility 

dominating the oil markets. The fall in oil price in 2015 created positive volatility spillover to 

the copper and nickel markets. It is noteworthy that the oil and industrial metals market 

connection is not attributable to oil prices alone but economic demand as well. Oil price drop 

does not always lead to a positive spillover to industrial metals markets, especially if the fall in 

price is caused by economic turmoil and stagnation. The net pairwise volatility shows that, 

over time, oil has become more vulnerable to the shocks in the industrial metals markets as 

evidenced by the magnitude of negative volatility spillover by industrial metals to oil markets. 

This also suggests that any negative demand shock to industrial metals markets leads to a lower 

oil consumption, which causes negative volatility spillover. A higher volatility linkage between 

oil and industrial metals emerges due to both consumption and investment effects in the metal 

markets (Ahmadi et al., 2016).  

Among precious metals, gold and platinum contribute the highest positive and negative 

volatility, respectively. Therefore, gold becomes the most important asset for portfolios along 

with oil. Like industrial metals, the oil price drop (rise) overlaps with positive (negative) 

volatility spillover to precious metals if drop in oil price is not due to lower economic demand. 

Akin to industrial metals, oil shows more vulnerability to precious metals than otherwise.  
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5.5. Systemic risk and portfolio implications 

The empirical findings reported up until show that there is asymmetric volatility 

spillover or connectedness dominated by negative volatility between oil and agro commodities 

(corn, soybeans, soya oil, and wheat), and oil and metals (aluminium, copper, nickel, silver, 

palladium, and platinum). The asymmetric volatility risk connectedness followed in previous 

discussion may have important implication for investors and portfolio managers for efficient 

allocation of assets and risk diversification. In our subsequent analysis, we, therefore, assess 

individual commodities based on their daily potential losses and construct a portfolio by 

minimizing the potential losses due to tail risks (Table 5 and 6).  

To assess the systemic risks of oil, natural gas, and the other commodities we estimate 

Value-at-Risk (VaR) and Conditional Value-at-Risk (CVaR). VaR describes the largest 

potential loss over a period of time at a particular confidence level, i.e. 95% or 99%.  The tail-

based risk assessment behaves better than the traditional risk measuring approaches (Gonzales-

Pedras et al., 2014). Sometime VaR is criticized for having limitations to asses coherent risk 

(Chai and Zhou, 2018), we also examine CVaR which can identify losses exceeding VaR for 

continuous distributions. This advantage of CVaR can assess the risk in the tail of any asset 

return distributions. CVaR is superior to VaR if the volatility or uncertainty for any asset price 

is high. The choice of those measures in deciding the objective function of our optimum 

portfolio is motivated by the fact minimizing downside risk is a preferred risk management 

strategy of investors. 

Table 5 reports the VaR and CVaR results of the downside risk of WTI, natural gas, and 

other commodity returns with a confidence level ranging between 95% and 99%.  At the 95% 

confidence level, natural gas price returns can fall by 2% on average daily over the sample 

period; the risk increases to 3.23% at the 99% confidence level. The VaR estimates in Table 3 

exhibit that rubber comprises the highest downside risk, followed by the natural gas and oil. 

This suggests that the risk of natural gas and oil returns are systemically higher than 

commodities, except rubber. Looking at the CVaR estimates at different confidence levels 

(Table 5), we document that natural gas has the highest tail risk (-5.45%) at 99% confidence 

level, followed by rubber (-5.61%) and crude oil (-4.47%) and palladium (-4.32%). Beside oil 

and natural gas, among the agro commodities, investors of individual markets of rubber, oats 

and cocoa have the highest chances of potential losses. Among industrial and precious metals, 

nickel and palladium show higher risk losses. The findings of industrial and precious metals 

also corroborate the results of Section 5.4. 
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Given that oil market is a source of negative volatility spillover to agro commodities 

like corn, soybeans, and wheat, and connected with industrial metals and precious metals, it is 

imperative to minimize the joint risk if oil and any of the other commodities are held in a 

portfolio. Table 6 reveals the results of portfolio weights for each oil-commodity pair. Table 6 

shows optimal portfolio weights for oil and commodity to minimize VaR and CVaR at 95% 

and 99% confidence level. We note that the percentage weights are required to increase in other 

commodities to minimize the value-at-risk and expected tail loss both at 95% and 99% 

confidence. However, weights in other commodities decrease as the confidence level increases, 

except soya oil, oats, palm oil and nickel. Moreover, we observe that risk-averse investors who 

like to invest to minimize losses with more confidence level need to invest more than 50% in 

commodities with exception for the portfolios of WTI with rubber and palladium where 

weights are 43.4%, and 46.7% for rubber and palladium at CVaR 99%, respectively. This 

suggests that for $1 portfolios of WTI with rubber, and palladium, $0.43 cents, $0.47 of 

investment would be given to rubber and palladium. 

 

Table 5. VaR and CVaR Analysis 

Notes: This table presents the average estimates of the VaR and CVaR of WTI, natural gas, agro commodities, 

industrial metals and precious metals at 95% and 99% confidence level. The values are in percentage.  

 

 VaR (95%) VaR (99%) CVaR(95%) CVaR(99%) 

WTI -1.99 -3.23 -2.74 -4.00 

NG -2.21 -3.83 -3.33 -5.45 

Corn -1.11 -2.04 -1.71 -2.63 

Wheat -1.43 -2.35 -2.00 -2.70 

Soybeans -1.16 -1.93 -1.64 -2.52 

Soya oil -1.15 -1.63 -1.48 -1.96 

Sugar -1.93 -2.87 -2.54 -3.43 

Rubber -2.24 -3.87 -3.20 -4.47 

Rice -1.42 -2.23 -1.98 -2.85 

Oats -2.16 -3.30 -2.81 -3.92 

Palm oil -1.34 -1.90 -1.74 -2.48 

Rapeseed -0.92 -1.48 -1.32 -2.06 

Cocoa -1.77 -2.94 -2.50 -3.54 

Coffee -1.78 -2.74 -2.44 -3.33 

Cotton -1.40 -2.27 -1.90 -2.64 

Cattle -1.55 -2.63 -2.19 -2.93 

Aluminum -1.15 -1.66 -1.60 -2.62 

Copper -1.45 -2.29 -2.01 -2.92 

Nickel -2.04 -3.21 -2.85 -4.11 

Gold -0.87 -1.39 -1.18 -1.72 

Silver -1.49 -2.61 -2.18 -3.64 

Palladium -1.89 -3.15 -2.70 -4.32 

Platinum -1.29 -2.06 -1.74 -2.43 
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Table 6. VaR and CVaR based portfolios 

Notes: The above table reports weights of commodity (in percentage) in oil-commodity portfolio. The portfolios 

are optimized with an objective to minimize VaR and CVaR at 95% and 99% confidence level. The positive 

values suggest that all positions are long only.   

Table 7 summarises the hedging effectiveness (HE hereafter) of each commodity-oil 

portfolio. HE reveals the gains from the designing the optimal portfolio in terms of risk 

minimization when compared to the unhedged position in the WTI or in another commodity. 

One common trend is noticed in that CVaR at 99% confidence level offers the highest hedge 

effectiveness to the oil investors who are interested to diversify the risk by hedging with other 

commodities. The highest hedging effectiveness is attained for portfolios with WTI and soya 

oil (among agro commodities), aluminum (among industrial metals), and gold (among precious 

metals) at CVaR 99%. The lowest hedging effectiveness is found with nickel and palladium at 

CVaR 99%. The results also confirm the findings of Section 5.4 and Table 5, the commodities 

with higher risk show less hedging benefits. Interestingly, we find that the hedge effectiveness 

is much higher for the oil investors to diversify into other commodities than otherwise. The 

hedge effectiveness compared to unhedged positions of other commodities is not high, 

platinum shows negative hedging benefits if diversified with WTI and compared with 

unhedged positions in platinum at CVaR 99%.  

 

 

Weights (%) VaR (95%) VaR (99%) CVaR(95%) CVaR(99%) 

Corn 80.6 65 72.4 69.4 

Wheat 69.4 64.6 62.69 60.4 

Soybeans 79 67.4 76.7 66.1 

Soya oil 86.6 86 82.6 90.1 

Sugar 60.4 57.4 53.9 53.6 

Rubber 48 47.2 46 43.4 

Rice 69.4 62.8 66.9 61.8 

Oats 50.8 47.6 51 52.7 

Palm oil 70.8 65.2 74.5 81.6 

Rapeseed 87 74.7 83.6 74.5 

Cocoa 59 54.2 54.6 51.2 

Coffee 60.2 58.2 56.9 57.8 

Cotton 74.2 66.6 67.6 69.2 

Cattle 67 60.8 60 55 

Aluminum 78 60 81 71.8 

Copper 72.8 68.2 69.2 65.5 

Nickel 49 79 49.2 79.8 

Gold 87.6 79.2 83.8 79.8 

Silver 67.6 44.8 67.8 55.2 

Palladium 51.6 47 52.8 46.7 

Platinum 74.6 75.4 75.8 69.1 
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Table 7 Hedge Effectiveness 

Notes: The above table reports hedge effectiveness for portfolios with positions in oil and each of the other 

commodities. The hedge effectiveness is estimated for portfolios by minimizing VaR and CVaR at 95% and 99% 

confidence level. Hedge effectiveness (HE) is estimate for the investors of oil (other commodities), who want to 

diversify the risk by including other commodities (oil). HE is estimated using Eqs. 16 and 17. 

 

 

Weights (%) VaR (95%) VaR (99%) CVaR(95%) CVaR(99%) 

Panel(A) Oil investors diversifying risk with other commodities 

 Un 

hedged 
Hedged HE 

Un 

hedged 
Hedged HE 

Un 

hedged 
Hedged HE 

Un 

hedged 
Hedged HE 

WTI/Corn -1.99 -1.02 48.78 -3.23 -1.75 45.80 -2.74 -1.47 46.43 -4.00 -2.11 47.26 

WTI/Wheat -1.99 -1.27 36.34 -3.23 -1.85 42.78 -2.74 -1.61 41.20 -4.00 -2.12 47.06 

WTI/Soybeans -1.99 -1.02 48.63 -3.23 -1.78 44.82 -2.74 -1.48 45.81 -4.00 -2.13 46.63 

WTI/Soya oil -1.99 -1.12 43.84 -3.23 -1.55 51.87 -2.74 -1.42 48.35 -4.00 -1.93 51.73 

WTI/Sugar -1.99 -1.58 20.50 -3.23 -2.22 31.21 -2.74 -1.99 27.34 -4.00 -2.62 34.60 

WTI/Rubber -1.99 -1.64 17.59 -3.23 -2.48 23.21 -2.74 -2.18 20.28 -4.00 -2.89 27.72 

WTI/Rice -1.99 -1.26 36.76 -3.23 -1.88 41.89 -2.74 -1.69 38.46 -4.00 -2.29 42.63 

WTI/Oats -1.99 -1.57 21.05 -3.23 -2.29 29.14 -2.74 -1.98 27.82 -4.00 -2.59 35.23 

WTI/Palm oil -1.99 -1.20 39.88 -3.23 -1.81 43.96 -2.74 -1.55 43.30 -4.00 -2.24 44.02 

WTI/Rapeseed -1.99 -0.92 53.81 -3.23 -1.38 57.22 -2.74 -1.24 54.84 -4.00 -1.80 55.05 

WTI/Cocoa -1.99 -1.41 29.11 -3.23 -2.28 29.44 -2.74 -1.93 29.42 -4.00 -2.65 33.68 

WTI/Coffee -1.99 -1.50 24.52 -3.23 -2.15 33.43 -2.74 -1.90 30.54 -4.00 -2.58 35.47 

WTI/Cotton -1.99 -1.25 37.19 -3.23 -1.80 44.30 -2.74 -1.62 40.93 -4.00 -2.16 45.94 

WTI/Cattle -1.99 -1.37 31.11 -3.23 -1.98 38.79 -2.74 -1.74 36.41 -4.00 -2.27 43.25 

WTI/Aluminum -1.99 -1.05 47.44 -3.23 -1.73 46.58 -2.74 -1.62 40.73 -4.00 -2.31 42.26 

WTI/Copper -1.99 -1.37 30.95 -3.23 -2.05 36.65 -2.74 -1.81 33.91 -4.00 -2.52 37.10 

WTI/Nickel -1.99 -1.70 14.54 -3.23 -2.87 11.13 -2.74 -2.20 19.61 -4.00 -3.51 12.31 

WTI/Gold -1.99 -0.81 59.14 -3.23 -1.24 61.71 -2.74 -1.09 60.13 -4.00 -1.58 60.44 

WTI/Silver -1.99 -1.25 37.04 -3.23 -2.33 27.73 -2.74 -1.84 32.77 -4.00 -2.70 32.50 

WTI/Palladium -1.99 -1.55 22.32 -3.23 -2.57 20.43 -2.74 -2.14 21.82 -4.00 -2.98 25.53 

WTI/Platinum -1.99 -1.28 35.82 -3.23 -2.29 28.99 -2.74 -1.88 31.21 -4.00 -2.88 27.98 

Panel (B) Other commodity investors diversifying risk with oil 

Corn/ WTI -1.11 -1.02 8.18 -2.04 -1.75 14.19 -1.71 -1.47 14.16 -2.63 -2.11 19.79 

Wheat/ WTI -1.43 -1.27 11.41 -2.35 -1.85 21.35 -2.00 -1.61 19.44 -2.70 -2.12 21.56 

Soybeans/ WTI -1.16 -1.02 11.87 -1.93 -1.78 7.66 -1.64 -1.48 9.47 -2.52 -2.13 15.28 

Soya oil/ WTI -1.15 -1.12 2.82 -1.63 -1.55 4.62 -1.48 -1.42 4.37 -1.96 -1.93 1.50 

Sugar/ WTI -1.93 -1.58 18.02 -2.87 -2.22 22.58 -2.54 -1.99 21.62 -3.43 -2.62 23.73 

Rubber//WTI -2.24 -1.64 26.79 -3.87 -2.48 35.91 -3.20 -2.18 31.74 -4.47 -2.89 35.32 

Rice/ WTI -1.42 -1.26 11.37 -2.23 -1.88 15.83 -1.98 -1.69 14.83 -2.85 -2.29 19.48 

Oats/ WTI -2.16 -1.57 27.26 -3.30 -2.29 30.64 -2.81 -1.98 29.61 -3.92 -2.59 33.91 

Palm oil//WTI -1.34 -1.20 10.71 -1.90 -1.81 4.73 -1.74 -1.55 10.72 -2.48 -2.24 9.71 

Rapeseed/ WTI -0.92 -0.92 0.09 -1.48 -1.38 6.64 -1.32 -1.24 6.26 -2.06 -1.80 12.73 

Cocoa/ WTI -1.77 -1.41 20.29 -2.94 -2.28 22.48 -2.50 -1.93 22.65 -3.54 -2.65 25.06 

Coffee/ WTI -1.78 -1.50 15.62 -2.74 -2.15 21.53 -2.44 -1.90 22.00 -3.33 -2.58 22.49 

WTI/Cotton -1.40 -1.25 10.72 -2.27 -1.80 20.74 -1.90 -1.62 14.81 -2.64 -2.16 18.09 

Cattle/ WTI -1.55 -1.37 11.55 -2.63 -1.98 24.83 -2.19 -1.74 20.44 -2.93 -2.27 22.53 

Aluminum/WTI -1.15 -1.05 9.06 -1.66 -1.73 -3.93 -1.60 -1.62 -1.50 -2.62 -2.31 11.84 

Copper/ WTI -1.45 -1.37 5.23 -2.29 -2.05 10.65 -2.01 -1.81 9.91 -2.92 -2.52 13.84 

Nickel/ WTI -2.04 -1.70 16.64 -3.21 -2.87 10.58 -2.85 -2.20 22.71 -4.11 -3.51 14.66 

Gold/ WTI -0.87 -0.81 6.54 -1.39 -1.24 11.03 -1.18 -1.09 7.42 -1.72 -1.58 8.00 

Silver/ WTI -1.49 -1.25 15.91 -2.61 -2.33 10.56 -2.18 -1.84 15.50 -3.64 -2.70 25.82 

Palladium/ WTI -1.89 -1.55 18.21 -3.15 -2.57 18.40 -2.70 -2.14 20.6% -4.32 -2.98 31.05 

Platinum/ WTI -1.29 -1.28 1.00 -2.06 -2.29 -11.33 -1.74 -1.88 -8.32 -2.43 -2.88 -18.55 
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6. Conclusions 

This study analyzes the asymmetric volatility spillover between oil and non-energy 

commodity prices and identifies the implications of such impact on the portfolio decisions for 

oil and other commodities by minimizing market risk and expected tail loss. To the best of our 

knowledge, this paper is the first of its kind in conducting such study, in its use of both 

asymmetric volatility as the basis of network and the use of tail risk minimization as a strategy 

to clearly identify portfolio implications of asymmetric shock transfer. 

To this end, we study static and dynamic volatility spillover of both symmetric (i.e., 

realized) and asymmetric (i.e., positive and negative semi-variances) volatilities based on 

spillover indices (Diebold and Yilmaz, 2012, 2014). We adopt a network approach based on 

asymmetric volatility spillover. We discover several interesting facts: (i) Strong evidence of 

the presence of asymmetric volatility spillover exists; negative volatility dominates positive 

volatility. (ii) Biofuel-based agro-commodities and industrial and precious metals are 

responsible for volatility spillover (net contributors). (iii) There is a sharp increase in the total 

spillover during the second half of 2015 until the beginning of 2016. Oil prices fell from their 

peak in mid-2014 to August 2015 by about 60%. Oil price continued falling and remained 

volatile until mid-2016. However, total spillover again increased to more than 70% in 2018. (iv) 

Policymakers and investors should be cautious about commodities that are major sources of 

negative volatility and have higher risk of losses. 

We summarize the most significant findings regarding volatility spillover and 

connectedness below. First, crude oil; agro-commodities such as oats, rice, rapeseed, cocoa, 

coffee, cotton, sugar, and cattle; and industrial and precious metals such as aluminum and gold 

are net receivers of volatility. Second, we find that the volatility spillover transmitted from one 

commodity to another is asymmetric. Negative/bad volatilities are majorly contributed by 

wheat and soybean oil in agro-commodities; copper and nickel in industrial metals; and silver, 

palladium, and platinum in precious metals. Third, the commodities come closer in the network 

with negative volatility. We observe that soya oil, wheat, rubber, and sugar are transmitters of 

negative shocks. In industrial metals, nickel is a net transmitter of negative volatility. 

Interestingly, gold is a net transmitter (receiver) of positive (negative) volatility for precious 

metals. The nature of the volatility relationship of gold with other commodities makes it 

suitable for portfolio hedging. The network confirms that negative shocks dominate positive 

volatility for agro-commodities; additionally, industrial and precious metals—which are 
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directly linked to ethanol production—and demand for oil and economic growth, respectively, 

have strong negative volatility spillover effects.  

Furthermore, we find that industrial metals such as aluminum, copper, and nickel 

received a strong negative volatility spillover, and their magnitude of asymmetry exceeded 

40% and 50% in 2017 for aluminum and copper, respectively. A common pattern emerged as 

when oil prices fell in 2015, metals received a volatility spillover (including precious metals) 

dominated by positive volatility; however, in 2016 and 2017, oil prices showed a steady 

increase, and metals began to receive more negative volatility. In 2019, the dominance of 

negative volatility received by metals was witnessed despite the fall in oil price. This was due 

to the overall fall in the growth of aggregate demand in the world economy. 

Our findings here are significant and will aid both investors and policymakers. 

Understanding positive and negative spillovers can help improve portfolio diversification by 

allowing investors to know which markets are suitable for short- or long-term investment. For 

example, soya oil, wheat, sugar, copper, silver, palladium, and platinum, which are major 

sources of bad volatility, can be hedged by including commodities such as oil, coffee, cotton, 

rapeseed, and aluminum (sources of good volatility) in the portfolio. Including commodity 

assets with positive volatility reduces the effects of bad volatility in the portfolio, for example, 

in gold. Moreover, weak integration between oil and coffee, cotton, and oats in agro-

commodities indicates their suitability in portfolio management and offers hedging 

opportunities. The rise and fall in negative volatility among commodities due to oil price 

changes indicate that regulators should carefully monitor oil price risk and sources of the risk. 

Policy aiming biofuel expansion has increased the risk exposure of agro-commodities. Our 

portfolio results with minimum risk of tail loss show that percentage weights are required to 

increase in other commodities to minimize potential loss. We note that risk-averse investors 

should invest more than 50% in other commodities. It is noteworthy to mention that portfolios 

based on tail risk offers the highest hedge effectiveness to the oil investors who are interested 

to diversify the risk by hedging with other commodities. The highest hedging effectiveness is 

attained for portfolios with WTI and soya oil (among agro commodities), aluminum (among 

industrial metals), and gold (among precious metals). Given that energy markets’ volatility 

extends to agricultural markets, policymakers must consider the state of oil markets so they 

can intervene at the right time to avoid any systemic risk affecting other commodity markets. 
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Appendix-1 

Robustness tests 

In this section, we assess sensitivity of the spillover results to the choice of rolling 

windows and different horizons of forecasting error variance decomposition. If the spillover 

index follows the same pattern of movement under different moving windows as well as H-

step-ahead error decomposition, we can safely conclude that our initial choice of 200-day 

rolling windows and H=10-days-ahead forecast error variance decomposition is good. 

Following Diebold and Yilmaz (2012, 2014, 2016) and Antonakakis and Kizys (2015), we 

examine the sensitivity of our total spillover index using different rolling windows (180, 200, 

and 220 days) with three alternative H-step-ahead forecast error variance decompositions (5, 

10, and 15 days). First, we keep the rolling windows at 200 days and change the forecast 

horizons as H=5, 10, and 15 days ahead. Second, we allow the rolling windows to vary between 

180, 200, and 220 days and keep the forecast horizon H = 10 days ahead. The robustness results 

reported in Figs. 10 and 11 show that the total positive and negative volatility spillover 

movement is very similar at a different H-step-ahead as well as different rolling windows. The 

overall results in Figs. 10  and 11 confirm that our estimations of positive and negative volatility 

spillover do not suffer from any shortcomings due to different horizons of forecast error 

variance decomposition and rolling windows. 

 

Fig. 10. Volatility spillover at different steps ahead of forecast error variance 

decomposition 
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Notes: Figs. 10 (a) and (b) report the robustness of total positive and negative volatility spillover. The total 

spillover index is calculated for different forecast horizons (5, 10, and 15 days), keeping the rolling window 

constant at 200 days. 

    

Fig. 11. Volatility spillover at different rolling windows 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Notes: Figs. 11(a) and (b) report the robustness of total positive and negative volatility spillover. The total spillover 

index is calculated for different rolling windows, that is, 180, 200, and 220 days, retaining the H=10-steps-ahead 

forecast error variance decomposition. 
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