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Abstract: Jumps in commodity prices can make asset risk management challenging. 

This study explores the influence feature of the COVID-19 epidemic on China's 

commodity price jumps, using 5-minute intraday high-frequency futures data of three 

China's commodity markets (energy, chemical, and metal) from January 23, 2020 to 

June 10, 2022. We find that firstly the information spillover from the COVID-19 spread 

situation to China's energy price jumps is relatively weak, and the COVID-19 epidemic 

shows the most substantial jump information spillover pattern to China's chemical price. 

The information spillover pattern is time-varying across the COVID-19 spread situation 

phase. Secondly, there are co-movement patterns between China's commodity price and 

China/global COVID-19 confirmed cases. This co-movement feature mainly occurs at 

the medium- or long-run time scales and varies across commodities. Thirdly, the 

demand elasticity for China's commodities and its dependence on imports and exports 

are the main factors influencing the sensitivity of its price jumps to the COVID-19 

outbreak. 
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1. Introduction 

Jump processes could be caused by unexpected market information (Pan et al., 

2020), which could cause returns and volatility to change rapidly, thus affecting 

participants' (commodity market investors, exporters, and importers) decisions on 

portfolio construction and price forecasting (Wang, 2020; Zhou et al., 2019). Such jump 

risk should be mainly a concern under the "once-in-a-century" COVID-19 pandemic 

(Gates, 2020). Since the first COVID-related death in January 2020, the Chinese 

government has taken the strongest and speediest regulatory actions against the 

outbreak. Nevertheless, commodity price jumps have been observed in the pandemic.1 

This study explores the influence feature of the COVID-19 epidemic on China's 

commodity price jumps. 

The jumping behavior in commodity price follows a different pattern of movement 

from that based on changes in returns or volatility, and has been widely used in recent 

years in portfolio construction and risk management. In the general case, the pattern of 

movement of commodity prices obeys a Geometric Brownian Motion (GBM), i.e., the 

price of a commodity consists of a drift term reflecting changes in the mean, and a 

fluctuation term reflecting changes in the variance (Tong et al., 2022). However, some 

studies have found that the movement pattern of commodity prices is likely to add a 

jump term to the GBM. This jump term is not reflected in the variance change (Pan et 

al., 2020; Wang et al., 2020, and also see Appendix A). It implies that the mean term, 

the variance term, and the jump drive commodity prices simultaneously, while if we 

ignore the jump term, then we cannot accurately fit the price movement pattern. Indeed, 

several studies have found that jumps in commodity prices affect changes in the 

 
1As the pandemic evolved, crude oil prices quickly plummeted from $65.15 per barrel in January 2020 to a new low 
of $24.96 per barrel, even diving into negative prices in March, exhibiting significant price jump risk. 
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variance and mean of commodity prices (Alqahtani et al., 2021; Bouri et al., 2021; Cao 

et al., 2018; Liu et al., 2020). Exploring the interaction between the COVID-19 outbreak 

and the commodity price jumps in China is a thought-provoking topic, and offers 

market participants a better risk management perspective. Furthermore, being a 

powerful commodity trading nation (exports and imports), information on China's 

commodity market movements is highly relevant to market stakeholders worldwide. 

Existing studies have documented that pandemics can cause disasters to the 

financial and commodity markets (Corbet et al., 2020; Baker et al., 2020; Goodell and 

Huynh, 2020; Ji et al., 2020). However, most of them have focused on the impact of the 

COVID-19 pandemic on price shocks, yet overlooking price jumps that are genuinely 

detrimental to risk management work. China is the world's largest consumer and 

producer of most primary commodities (Fernandes, 2020) and plays a pivotal role in 

the global economy (Gusarova, 2019). It is beneficial to examine how the COVID-19 

outbreak initially started in China has contributed to Chinese commodities' price jumps. 

This study explores the influence feature of the COVID-19 epidemic on China's 

commodity price jumps, and provides insights into price forecasting and risk hedging 

for Chinese commodity market participants by informing them of the attitude with 

which exogenous shocks to prices should be viewed.  

This study adds new insights into the effects of COVID-19 on commodity market 

price movements, and we make at least three contributions to the subject matter. First, 

we uncover and depict the jump characteristics in COVID-19 that enhance the 

understanding of a pandemic's impact on commodity markets. To the best of our 

knowledge, this is the first paper that examines commodity price jumps in COVID-19 

instead of commodity price volatility. We study the interaction between the COVID-19 

situation proxy data and three China commodity markets data (energy, chemicals, and 
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metals) and use the cutting-edge information spillover model and wavelet coherency 

method to reveal the magnitude and dynamic characteristics of this impact. Our findings 

help investors enhance their knowledge of risk-hedging and extend existing research 

(e.g., Yarovaya et al. 2020) from a critical perspective. 

Secondly, this paper explores how COVID-19 has impacted the Chinese 

commodity markets when most of the research has primarily focused on developed 

markets. Exploring Chinese commodity markets offers us the advantage of further 

understanding emerging markets' sensitivity to major black swan events such as a 

pandemic.  

Thirdly, using the jump test proposed by Barndorff-Nielsen & Shephard (2006), 

we identify jump characteristics in high-frequency data, providing more reliable 

information in understanding market characteristics in a pandemic (Mensi et al., 2020). 

Although many studies utilize daily data to describe the nature of price movements, the 

robustness of these results may be affected by empirical analysis based on a relatively 

small amount of data, as such daily data do not seem to satisfy the "burn period" for 

which most time series model parameters are fitted. The stability of the jump results 

generated through high-frequency data overcomes the realistic context of a small 

sample data.  

The rest of this paper is as follows. Section 2 is the literature review. Section 3 

introduces the methodology. Section 4 describes data selection. Section 5 discusses our 

empirical findings, and section 6 concludes the paper. 

2. Literature review 

The impact of COVID-19 on China's commodity markets has been complex and 

profound via domestic and worldwide channels. At the beginning of the outbreak, the 
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Chinese government insisted on a "zero-COVID" policy, such as lockdown or 

restrictions on population movement, which significantly weakened consumer demand 

and production incentives for all types of commodities (Deng, 2022; Mensi et al., 2021; 

Ma et al., 2021; Chen et al., 2022; Umar et al., 2021). China's COVID19-related policy 

is uncommon in other developed or emerging countries, and it will undoubtedly come 

at the expense of economic development (Guo et al., 2022). In addition, the global 

COVID-19 spread trend will also affect Chinese commodity markets due to China's 

dependence on exports and the fact that Chinese commodity prices are highly 

influenced by international commodity prices (Ahmed and Huo, 2021). In a word, 

COVID-19 could influence China's commodities markets via many channels. 

Firstly, the lockdown in China's "Zero-COVID" policy will significantly impact 

the energy market, especially the crude oil market. The significant reduction in the 

transport of China's goods and people has led directly to a decline in energy 

consumption (Narayan, 2020; Selmi, 2022), energy supply (Akhtaruzzaman et al., 

2021), and China's energy firms (Tong et al., 2022). Especially, crude oil is the blood 

of the industry, and fluctuations in crude oil prices are easily transmitted to other 

commodity prices (Kang et al., 2017; Umar et al., 2021). This kind of spillover effect 

is likely to affect the energy sector from other commodity sectors (Tiwari et al., 2020), 

eventually allowing the impact of COVID-19 in the energy sector to spread to several 

commodity sectors in China. 

Secondly, the COVID-19 situation in China may directly interrupt Chinese 

commodities' consumption and production. Fei et al. (2020) states that supply chain 

disruptions are a major challenge for the food market in China. Further, Li et al. (2021) 

finds that the COVID-19 outbreak changed the original structure of the industry-related 

network, directly influencing the consumption and supply of metal and chemical 
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commodities in China. As mentioned above, movements in the prices of these 

commodities could still interact with each other in the COVID-19 epidemic to shake up 

China's commodity markets (Jiang and Chen, 2022).  

Last but not least, the macro factors, including the COVID-19 shocks from 

international commodity prices and China's macro economy, would play an essential 

role in making waves in China's commodity markets. The prices of China's significant 

commodities are mainly led by their corresponding futures markets (Chen and Tongurai, 

2022). However, prices in China's futures markets are heavily influenced by 

international commodity futures markets (Kang and Yoon, 2016). Since the outbreak 

of COVID-19, the impact of the global recession and logistical disruptions on 

commodity markets has been unprecedented (Farid et al., 2022; Selmi et al., 2022; 

Tiwari et al., 2022), which could easily lead to variations in China's commodity prices. 

The above studies show evidence that global and China's COVID-19 epidemic 

could significantly impact the price of China's commodities. However, they have two 

shortcomings: firstly, they do not systematically portray the panoramic view of the 

impact of COVID-19 on the overall commodity market in China, and secondly, they 

focus only on the movement of China's or global commodities in terms of returns and 

volatilities. Cao et al. (2018) reveals that more than 30% variation of oil and natural gas 

returns is in a jump form. Liu et al. (2020) shows that global oil price jumps could 

influence China's oil commodities' returns and volatility. Zhang et al. (2022) finds that 

oil price jumps have negative shocks on China's industrial sector returns and positive 

spillovers on its volatility. Evidence from Alqahtani et al. (2021), Bouri et al. (2021), 

Liu et al. (2021), and Semeyutin et al. (2021) shows that jumps in commodity prices 

may also happen, and even the characteristics of price jumps among different 

commodities may be contagious. Jump risk has become a factor in commodity price 
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risk management that cannot be ignored. The rapid outbreak and spread of the COVID-

19 outbreak are likely to trigger a jump in Chinese commodity prices as the price jump 

originates from investors receiving information far from expectations. In this study, we 

seek to uncover the overall picture of how the COVID-19 epidemic affected the jump 

in commodity prices in China. 

3. Methodology 

3.1. BNS jump test 

Following Barndorff-Nielsen and Shephard (2006) (BNS) and Tong et al. (2022), 

an assumption is that the price of a China's commodity (log-price) follows an Ito semi-

martingale process with jumps components, which can be described as, 

 𝑃𝑃𝑡𝑡
𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗 = 𝑃𝑃𝑡𝑡−1

𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗 + ∫ 𝜇𝜇(𝑠𝑠)𝑑𝑑𝑠𝑠𝑡𝑡
𝑡𝑡−1 + ∫ 𝜎𝜎(𝑠𝑠)𝑑𝑑𝐵𝐵𝑠𝑠

𝑡𝑡
𝑡𝑡−1�����������������

Continuous Component

 (1) 

versus non-jump component model 

 𝑃𝑃𝑡𝑡
non-jump = 𝑃𝑃𝑡𝑡−1

non-jump + ∫ 𝜇𝜇(𝑠𝑠)𝑑𝑑𝑠𝑠𝑡𝑡
𝑡𝑡−1 + ∫ 𝜎𝜎(𝑠𝑠)𝑑𝑑𝐵𝐵𝑠𝑠

𝑡𝑡
𝑡𝑡−1�����������������

Continuous Component

+ ∫ 𝜅𝜅(𝑠𝑠)𝑑𝑑𝐽𝐽𝑠𝑠
𝑡𝑡
𝑡𝑡−1���������

Jump Component

 (2) 

where sB  obeys a standard Brownian motion, sJ  is a counting process with intensity 

sλ , and ( )sκ  is the intensity of the jump equal to s sP P −− . The jump component in 

Eq.(2) is what we want to reveal the price jumps of one commodity. Using intraday 

high-frequency data, the price process could be calculated by realized measures, that is 

Realized Variation (RV) and Realized Bipower Variation (BPV) (see BNS (2006)), 

         𝑅𝑅𝑅𝑅𝑡𝑡
[2] = lim

𝛿𝛿→0
∑ ∆𝑃𝑃𝑡𝑡,𝑖𝑖

2⌊𝑁𝑁𝑡𝑡/𝛿𝛿⌋
𝑖𝑖=1

ℙ
→ 𝑃𝑃𝑡𝑡

𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗.                    (3) 

tN  is the transaction hours and δ  is the high-frequency price interval in day t , and 

     𝐵𝐵𝑃𝑃𝑅𝑅𝑡𝑡
[1,1] = lim

𝛿𝛿→0
(�𝜋𝜋

2
)−2( 1

⌊𝑁𝑁𝑡𝑡/𝛿𝛿⌋
)1−

𝑟𝑟+𝑠𝑠
2 ∑ |∆𝑃𝑃𝑖𝑖|1|∆𝑃𝑃𝑖𝑖+1|1⌊𝑁𝑁𝑡𝑡/𝛿𝛿⌋−1

𝑖𝑖=1
ℙ
→ 𝑃𝑃𝑡𝑡

𝑛𝑛𝑛𝑛𝑛𝑛−𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗. (4) 
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Thus the jump intensity of one commodity at day t   could be calculated by 𝐽𝐽t =

𝑚𝑚𝑚𝑚𝑚𝑚 (𝑅𝑅𝑅𝑅𝑡𝑡
[2] − 𝐵𝐵𝑃𝑃𝑅𝑅𝑡𝑡

[1,1], 0). A statistical significance of 𝐽𝐽t are given in BNS (2006),  

𝑍𝑍(𝛿𝛿) = 𝑙𝑙𝑙𝑙𝑚𝑚
𝛿𝛿→0

⌊𝑁𝑁𝑡𝑡/𝛿𝛿⌋−2
𝑅𝑅𝑅𝑅𝑡𝑡

[2]−𝐵𝐵𝐵𝐵𝑅𝑅𝑡𝑡
[1,1]

((�𝜋𝜋2)−4+2(�𝜋𝜋2)−2−5)(∫ 𝜎𝜎(𝑠𝑠)𝑑𝑑𝑠𝑠)𝑡𝑡
𝑡𝑡−1

−1/2

𝐷𝐷
→𝒩𝒩(0,1).       (5) 

It is imperative to note that a significant price movement does not always mean that a 

jump has occurred. In this study, only jump points at the 95% significance level or 

above are classified as jump components. 

3.2. DY's information spillover index 

After computing the jump component in one commodity price movement process, 

we compute how much jump information COVID-19 confirmed cases contribute to one 

commodity price jump or the information spillover from COVID-19 to price jumps. A 

classical method is to use DY's information spillover model proposed by Diebold and 

Yilmaz (2012) and widely used in Dai et al. (2021) and Dai et al. (2022). 

Taking China's energy commodity markets as an example, in this study, we select 

4 commodities: crude oil futures, coking coal futures, coke futures, and steaming coal 

futures. We note the price jumps of above assets as { }1, 2, 3, 4,, , ,t t t tJ J J J . We use China's 

and global daily new confirmed cases ({ }China, Global,,t tC C ) as the proxy of COVID-19 

spread situation. We could then construct a six-element vector or multivariate time 

series, as ( )1, 2, 3, 4, China, Global,, , , , ,t t t t t t tJ J J J C C=x . This time series could be expressed 

in a VMA(∞ ) structure,  𝒙𝒙𝑡𝑡 = 𝑪𝑪(𝐿𝐿)𝝐𝝐𝑡𝑡 . Then, information spillover index from the 

element 𝑚𝑚𝑗𝑗,𝑡𝑡 to the element 𝑚𝑚𝑖𝑖,𝑡𝑡 in tx  is given as, 

𝜃𝜃�𝑖𝑖,𝑗𝑗𝐷𝐷𝐷𝐷(𝐻𝐻) =
𝜃𝜃𝑖𝑖,𝑗𝑗
𝐷𝐷𝐷𝐷(𝐻𝐻)

𝛴𝛴𝑘𝑘(𝜃𝜃𝑗𝑗,𝑘𝑘
𝐷𝐷𝐷𝐷(𝐻𝐻))

,                         (6) 
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where 𝜃𝜃𝑖𝑖,𝑗𝑗𝐷𝐷𝐷𝐷(𝐻𝐻) =
𝜎𝜎𝑗𝑗𝑗𝑗
−1 ∑ (𝐻𝐻−1

𝑘𝑘=𝑜𝑜 𝑒𝑒𝑖𝑖′𝐂𝐂𝑘𝑘𝚺𝚺𝑒𝑒𝑗𝑗)2

∑ (𝐻𝐻−1
𝑘𝑘=0 𝑒𝑒𝑖𝑖′𝐂𝐂𝑘𝑘𝚺𝚺𝐂𝐂𝑘𝑘′𝑒𝑒𝑖𝑖)

, and 𝐻𝐻 is the forecast step which is selected as 

100 in this paper. Readers could refer to Diebold and Yilmaz (2012), Dai et al. (2021), 

and Dai et al. (2022) for more information about DY's information spillover index. 

3.3 Wavelet coherency method 

This paper aims to uncover the linear co-movement pattern between COVID-19 

tolls and Chinese commodity price jumps and their characteristics at different time 

scales. 2  This study applies the wavelet method to reveal the multi-scale interplay 

between COVID-19 and price jumps. 

In wavelet theory, in order to reflect the variations of COVID-19 tolls in the time 

and frequency domains 𝑇𝑇(𝑡𝑡), we assemble wavelet self-power spectra for the analysis, 

that is,3 

𝜎𝜎𝑇𝑇2 = 1
𝐶𝐶𝜑𝜑
∫ ∫ |𝑊𝑊𝑇𝑇(𝑚𝑚, 𝑏𝑏)|2.+∞

−∞
+∞
0                         (7) 

Further, the cross wavelet transformation of COVID-19 tolls 𝑇𝑇(𝑡𝑡)  and China 

commodity price jumps 𝐽𝐽(𝑡𝑡) could be defined as 𝑊𝑊𝑇𝑇,𝐽𝐽(𝑚𝑚, 𝑏𝑏) = 𝑊𝑊𝑇𝑇(𝑚𝑚, 𝑏𝑏)𝑊𝑊𝐽𝐽(𝑚𝑚, 𝑏𝑏)�����������，

and their cross-wavelet power spectrum could be defined as �𝑊𝑊𝑇𝑇,𝐽𝐽(𝑚𝑚, 𝑏𝑏)�
2

=

|𝑊𝑊𝑇𝑇(𝑚𝑚, 𝑏𝑏)|2�𝑊𝑊𝐽𝐽(𝑚𝑚, 𝑏𝑏)������������
2
. Following Dai et al. (2020), Goodell and Goutte (2020), and 

Tong et al. (2022), the cross-wavelet correlation between COVID-19 tolls and China 

commodity jumps is,  

𝑅𝑅𝑇𝑇,𝐽𝐽
2(𝑚𝑚, 𝑏𝑏) = �𝑏𝑏(𝑏𝑏−1𝑊𝑊𝑇𝑇,𝐽𝐽(𝑎𝑎,𝑏𝑏))�

2

𝑏𝑏(𝑏𝑏−1|𝑊𝑊𝑇𝑇(𝑎𝑎,𝑏𝑏)|2)𝑏𝑏(𝑏𝑏−1�𝑊𝑊𝐽𝐽(𝑎𝑎,𝑏𝑏)�2)
.              (8) 

 
2The "time scale" is the length of the period in which the event occurs. For example, if a causal relationship between 
two variates occurs at a short-run or a long-run period (Dai et al., 2020; Mensi et al., 2020). 

3where 𝐶𝐶𝜑𝜑 = ∫ |𝜑𝜑�(𝜔𝜔)|2

𝜔𝜔
+∞
0 𝑑𝑑𝑡𝑡 and 𝑚𝑚, 𝑏𝑏 refer to locationship and scale parameters. 
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The value of 𝑅𝑅𝑇𝑇,𝐽𝐽
2(𝑚𝑚, 𝑏𝑏) that gets closer to 1 indicates a higher correlation between 

𝑇𝑇(𝑡𝑡) and 𝐽𝐽(𝑡𝑡); whereas, the closer to 0, the lower the correlation between COVID-19 

tolls and price jumps. The phase difference is defined as the ratio of imaginary ℑ and 

real parts ℜ wavelet cross power spectrum, 

𝜙𝜙𝑇𝑇,𝐽𝐽(𝑚𝑚, 𝑏𝑏) = 𝑡𝑡𝑚𝑚𝑡𝑡−1(
ℑ�𝑊𝑊𝑇𝑇,𝐽𝐽(𝑎𝑎,𝑏𝑏)�

ℜ�𝑊𝑊𝑇𝑇,𝐽𝐽(𝑎𝑎,𝑏𝑏)�
  (9) 

where the ( ), ,T JΦ a b  is in [ ],π π− . In the empirical analysis section, we use the black 

arrows to indicate the quadrant where the phase difference is located. If the arrow points 

north-west, it means that the change in the number of COVID-19 infections is currently 

leading to the change in the commodity price jump and that the two variables are in 

reverse motion. If the arrow points south-east, the change in the number of COVID-19 

infections leads to the change in the commodity price jump, and the two variables are 

moving in the same direction. 

4. Data 

Following Goodell and Goutte (2020), we choose the confirmed cases of COVID-

19 as the proxy of the COVID-19 spread situation. As mentioned in the introduction 

section, the possible impact of the global and Chinese COVID-19 diffusion scenarios 

on the price jumps of China's commodities may vary. Therefore, this study selects daily 

China's and global confirmed cases, which is vividly shown in Figure 3. 

The full sample period in this paper is from January 23, 2020 to June 10, 2022, 

where the COVID-19 confirmed cases data is available from the World Health 

Organization (WHO) and the National Health Commission of the People's Republic of 

China (NHCPRC). From Figure 3, we find that the dynamic characteristics of the spread 

of the COVID-19 epidemic, both globally and in China, have undergone different 



 

12 
 

development phases. Following Rouatbi et al. (2021), this study wanted to look at the 

impact of COVID-19 on commodity price jumps in China under different time periods, 

so we first needed to delineate the epidemic development phases. 

The COVID-19 epidemic first experienced a period of outbreak, mainly in 

mainland China. The lack of awareness of the new coronavirus induces its rapid spread. 

Under the very strict control of the Chinese government, the number of infections began 

to fall after March. However, since the WHO declared COVID-19 as a global pandemic 

on March 11, 2020, the number of confirmed cases has increased exponentially. Figure 

3 shows a deviation in the trajectory of the number of confirmed cases globally and in 

China before March 19. The number of confirmed diagnoses worldwide spiked rapidly 

in late February. This study defines this period as Phase I (2020/1/23-2020/5/5), 

whereby a rapid outbreak of COVID-19 is in China and the world. 

With the development of vaccine technology and herd immunity, the COVID-19 

epidemic entered a plateau between May 2020 and December 2021, a notable feature 

of which is that there is no longer an exponential trend in the number of new infections 

per day. This study defines this period as Phase II (2020/5/5-2021/12/27). 

The Omicron strain differs significantly from previous strains of the new 

coronavirus in that it is less harmful but more transmissible and infectious, and immune 

breakthroughs have occurred in many countries and regions. In Figure 3, There is an 

exponential increase in infections globally and in China after 2022, which could create 

a huge panic in China's commodity market. This study defines this period as Phase III 

(2021/12/27-2022/6/10). This study reveals the impact pattern of China and global 

COVID-19 on China's commodities price across different phases. 
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Figure 1. Confirmed cases of COVID-19 in China and worldwide. 
Note: we plot the logarithm of China's and the world's daily new confirmed COVID-19 cases in Figure 
3. In this study, the Phase I COVID-19 spread period is from 2020-01-23 to 2020-05-06, which is tied in 
the blue shadow in Figure 3. The Phase II COVID-19 spread period is from 2020-05-06 to 2021-12-27, 
which is tied in grey shadow in Figure 3. The Phase III COVID-19 spread period is from 2021-12-27 to 
2020-06-10, which is tied in the red shadow in Figure 3. Since the Chinese commodity market is 
relatively unaffected by the Hong Kong, Macau, and Taiwan pandemic, only COVID-19 confirmed 
case/death toll data from mainland China are counted in this study. In addition, COVID-19 confirmed 
tolls do not include asymptomatic infected individuals. 
 

This study selects three major commodity markets: energy, chemical, and metal 

commodities, which have been widely noted for their performance (Mensi et al., 2020) 

and price jump behavior (Todorova et al., 2014). The commodity choice reflects the 

heterogeneity of price jump characteristics in China, whose timespan is from January 

23, 2020, to June 10, 2022. We collect well-performed five-minute high-frequency 

futures closed price data from the Wind database to compute the jump component of 

price movement (Wang et al., 2020). All critical dates since the outbreak of COVID-19 

are included in the sample period (Corbet et al., 2020). Details of the data source can 

be found in Table 1. We select daily futures data, given that commodity futures is the 

price leader of China's commodities prices and fully reflect the balance between supply 
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and demand. 

 

Table 1 
The Commodities futures varieties list 

Energy   Steaming coal Crude oil Coke Coking Coal 
Exchange CZCE INE DCE DCE 
Chemical  Polypropylene Soda Rubber PVC 
Exchange CZCE CZCE SHFE DCE 
Metal  Iron Ore Copper Lead Gold 
Exchange DCE SHFE SHFE SHFE 

Note：INE: Shanghai International Energy Exchange. CZCE: Zhengzhou Commodity Exchange. DCE: Dalian 
Commodity Exchange. SHFE: Shanghai Futures Exchange. 

 

5. Empirical analysis 

5.1. Influence of COVID-19 on China's energy price jumps 

Due to restrictions on transportation activities and a lockdown on economic 

activities, China's energy market would be struck by COVID-19. We first compute the 

DY's spillover index model by Eq. (6) and show the histogram result in Figure 2. 

Among China's steaming coal, crude oil, coke, and coking coal prices, we find that the 

global COVID-19 situation contributes to more jump occurrence of China's crude oil 

price, which is vividly shown in Figure 2, especially in Phase III. China is very 

dependent on imports for its crude oil consumption, and China's crude oil price is highly 

led by international oil futures (Dai et al., 2022). In Phase I and Phase III period of 

global COVID-19 spread situation, the sudden increase in the number of infections 

could very easily trigger irrational expectations among consumers in the China's crude 

oil market, thus inducing a jump in crude oil prices. Compared to crude oil, China is 

rich in coal resources and has a smaller external dependence. We could find that the 

information spillover index from global COVID-19 confirmed cases has fewer 

magnitude to China's steaming coal, coke, and coking coal price jumps than that to 

China's crude oil price jumps, which is shown in Figure 2. 
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In terms of the Phase of the epidemic diffusion process, the length of time of Phase 

I and Phase III was short, but the degree of information spillover contribution of 

COVID-19 to the jump in China's energy price was higher than that of Phase II. This is 

mainly because China's energy commodity investors have adapted to the new normal 

of epidemic development during Phase II. Although the number of Chinese and global 

infections continued to be added during Phase II, the information contributed to the 

jump in Chinese energy commodities has been weaker. Looking into the fourth sub-

figure of Figure 2, we find that the information spillover from the global and China's 

COVID-19 epidemic to China's coking coal price jumps is only 0.24% and 0.04%, 

which implies that there is little information spillover effect on price jumps. 

To some extent, we find that the information spillover from the COVID-19 spread 

situation to China's energy price jumps is not that high, which could explain that China's 

energy commodity has relatively low demand elasticity. Many participants in the energy 

market are constantly watching the epidemic's impact on energy prices overall, and the 

COVID-19 spread situation did not give these investors much in the way of unexpected 

expectations. As mentioned earlier, price jumps come mainly from irrational 

expectations. 
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Figure 2. The information spillover from COVID-19 tolls to China's energy price 
jump 

Note: The height of each bar represents the magnitude of the information spillover of the COVID-19 epidemic on the price jumps 
of China's commodities computed by Eq. (6) in sub-section 3.2. The red bars represent the information spillover from the number 
of people infected with COVID-19 in China to the jump in commodity prices, and the blue bars represent the spillover from the 
number of people infected with COVID-19 globally. 
 

We then consider the lead-lag co-movement pattern between the COVID-19 spread 

situation and China's energy commodity price jumps, which is vividly shown in Figure 

3. The white vertical line in each sub-figure cuts the full sample period into Phase I, II, 

and III. Figure 3 shows that the COVID-19 confirmed cases and the Chinese energy 

commodity price jumps tend to move together. However, this co-movement occurs at 

certain specific time scales. 

In Phase I, the area of red islands in the sub-figures in the left column is smaller 

than those in the right column, which implies that the co-movement pattern between 

China's confirmed cases and energy price jumps is weaker than that between world 
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confirmed cases and energy price jumps. Moreover, we could find that the co-

movement mainly occurs at 16-32 days-length time scales. It indicates that the panic 

created by COVID-19 for energy commodity investors did not occur at the short-run 

time scale, but at the longer-run time scale. When looking into the direction of the 

arrows in Phase I, we could find many arrows pointing to north-west, suggesting that 

the COVID-19 confirmed cases co-move with energy price jumps in the opposite 

direction.  

When the number of infections spikes during Phase I, the impact on the degree of 

jump in energy prices becomes smaller over time, which is mainly explained by the fact 

that during Phase I, energy price investors have quickly prepared themselves for the 

continued spread of the epidemic, resulting in steady changes in energy prices rather 

than jumps. 

In Phase II of each sub-figure in Figure 3, the red islands are predominantly 

distributed at the time scales greater than 128 days (Y-axis greater than 128). The red 

islands are larger in the sub-figures of the wavelet coherency between global COVID-

19 and energy price jumps than those in the wavelet coherency between China COVID-

19 and energy price jumps. It suggests that the global epidemic largely influenced the 

jump in Chinese energy commodity prices during Phase II and that this impact occurred 

over a very long-run time scale. The epidemic's impact on the irrational expectations of 

energy commodity investors is long-term. 

Going into Phase III, the co-movement between the COVID-19 spread situation 

and China's energy price jumps is stronger than the situation in Phase II, especially for 

China's crude oil price jumps. Most arrows in Phase III point to the north-west direction. 

There is no doubt that during Phase III, the number of infections is surging globally and 

in China due to the Omicron strain. The epidemic also affected the irrational 
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expectations of energy commodity investors. The arrow's direction suggests that as the 

number of infections rises, the strength of the jump caused by the epidemic slowly 

decreases. 

 

Figure 3. The wavelet coherency between China's energy price jumps and 
COVID-19 cases tolls 

Note: The two vertical white lines in each sub-figures divide the full sample period into Phase I, Phase II and Phase III. The X-axis 
represents time and the Y-axis represents the time scale (which means short-, medium-, or long-run time scale). The red islands 
represent a co-movement trend between the intensity of the commodity price jumps and the number of COVID-19 infections at a 
given time and time scale according to the islands' X-axis and Y-axis values. If the arrow points north-west, it means that the change 
in the number of COVID-19 infections is leading the change in the commodity price jump currently and that the two variables are 
in reverse motion. If the arrow is pointing south-east, the change in the number of COVID-19 infections is leading the change in 
the commodity price jump and the two variables are moving in the same direction. 

5.2. Influence of COVID-19 on China's chemical price jumps 
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Chemical commodities are closely linked to energy and industry, and changes in 

energy prices can also easily trigger chemical price changes. 

We first compute the information spillover from COVID-19 confirmed cases to 

China's chemical commodity price jumps, which is shown in Figure 4. We see 

numerically that, overall, COVID-19 has a higher information spillover to China's 

chemical commodity price jumps than it does to China's energy price jumps. In addition, 

the global COVID-19 spread situation has a relatively strong information spillover 

effect. Especially for polypropylene, the global COVID-19 confirmed cases contribute 

10.41% information spillover to China's polypropylene price jumps. 

Looking at different Phases, we found that the information spillover of COVID-19 

on chemical prices was more substantial in Phase I and III. During Phase II, however, 

the global COVID-19 confirmed case also contribute 2.28% information spillover to 

China's soda price jumps and 1.69% information spillover to China's PVC price jumps, 

as shown in Figure 4. 

The contribution of the COVID-19 pandemic to the price jump of China's chemical 

commodity depends on the elasticity of demand. The impact on chemicals with low 

elasticity of demand, such as polypropylene, was relatively small. On the other hand, 

polypropylene is mainly produced from both coal and oil. The flexibility of the 

production methods makes it less likely that price changes will occur in the form of 

"jump" and more likely to be "fluctuation." Chemical commodities have a slightly more 

elastic demand than energy commodities, so their prices are prone to jumps triggered 

by COVID-19. 
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 Figure 4. The information spillover from COVID-19 tolls to China's chemical 
price jump 

Note: See Figure 2. 
 

Figure 5 shows the wavelet coherency between COVID-19 confirmed cases and 

China's chemical commodity price jumps. In Phase I, we find that the red islands are 

not very large in the area compared to the case in China's energy commodity markets. 

The linear co-movement between COVID-19 confirmed cases and the chemical price 

jumps mainly at the 32-64 days-length time scale. It suggests that in Phase I, the linear 

correlation between confirmed cases and the chemical price jumps in China is not that 

strong. Moreover, China's confirmed cases mainly co-move in the opposite direction 

with the chemical price jumps intensity, while the global confirmed cases co-move in 

the same direction. 

In Phase II, there are few red islands in sub-figures of wavelet coherency between 
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China's confirmed cases and chemical price jumps, while global confirmed cases have 

a strong linear co-movement pattern with China's polypropylene price jumps at 64 days-

length time scale, which could be found in the sub-figure E of Figure 5. In Phase II of 

sub-figure E of Figure 5, most arrows point to the south-east, indicating that a global 

increase in the number of daily infections would also increase the strength of the jump 

in polypropylene prices linearly in the same direction. This fact also confirms what we 

found in Figure 4. This kind of linear co-movement pattern occurs at 32-64 days-length 

time scales. Apart from sub-figure E and sub-figure H of Figure 5, we do not find large 

red islands in Phase II of the other sub-figures. 

Compared to the case in China's energy price jumps, in Phase III, there are also few 

red islands in sub-figure A, B, C, and D. Although there was a massive increase in the 

number of infections in China during Phase III, the linear correlation between COVID-

19 and chemical price jumps was not too strong. In construct, in sub-figure E of Figure 

5, there is a big area of red island where the arrows point to south-east. There is a 

positive linear correlation between the growth of the global epidemic and the jump in 

Chinese polypropylene prices, and the global epidemic guides the jump in Chinese 

polypropylene prices. From the evidence in Figure 5, we find a strong linkage between 

China's chemical commodity price jumps and global epidemic dynamics, mainly 

occurring over 32 days-length time scales. 
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Figure 5. The wavelet coherency between China's chemical price jumps and 
COVID-19 cases tolls 

Note: See Figure 3.  

5.3. Influence of COVID-19 on China's metal price jumps 

 The price jumps in the Chinese metal market were closely linked to the epidemic 

that hit the entire industrial production sector. From the evidence in Figure 6, the 

information spillover from the COVID-19 confirmed cases to the price jumps of metal 

commodities is not high. Both the global and Chinese epidemics contributed 

information spillovers to price jumps, whether in Phase I, Phase II, or Phase III, with 

no significant time-varying characteristics. Through Figure 6, we could find that the 

contribution of daily COVID-19 confirmed cases to China's metal price jumps is higher 
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from that of China than from that of global. This feature occurs particularly in Phase II 

and Phase III. The overall import dependence of China's metallurgical industry is high, 

but it is mainly the extent of China's infrastructure development that affects the metal 

industry. In 2020, China proposed a new infrastructure plan to build extra-high voltage 

and other infrastructure. Coupled with China's better economic recovery during Phase 

II compared to the world, the global epidemic will not trigger undue panic among 

China's metal commodity investors. However, the domestic epidemic in China could 

create irrational expectations for metal commodity investors, thereby inducing a jump 

in China's metal prices. 

 We find that the information spillover from the global epidemic to China's gold 

price jump is always higher than the information spillover from the Chinese epidemic, 

as shown in the third sub-figure of Figure 6. Gold has solid financial attributes, it is a 

good hedge, and its price is very much influenced by the appreciation and depreciation 

of the US dollar (Dai et al., 2020). Changes in the global epidemic will give more 

information on the jump in gold prices in China. 
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 Figure 6. The information spillover from COVID-19 tolls to China's metal price 
jump 

Note: See Figure 2. 
 

 Looking into the linear co-movement between COVID-19 confirmed cases and 

China's metal price jumps, Figure 7 shows that there is almost no red island in Phase I, 

indicating that both China's and global epidemic have little co-movement patterns with 

China's metal price jumps. Moreover, in Phase II, there are many red islands below 16 

days-length time scale. The distribution of these red islands on the X-axis (time axis) is 

very short in length. In the sub-figures C, D, G and H of Figure 7, there are huge red 

islands over the 128 days-length time scale. Significantly, most arrows in sub-figure G 

and H in Phase II point to the south-east, which indicates that the global COVID-19 

confirmed cases co-move with and lead to the change in China's gold and nickel price 

jumps in the same direction. 
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Figure 7. The wavelet coherency between China's metal price jumps and 
COVID-19 confirmed cases 

Note: See Figure 3. 
 

In Phase III, we conclude that there is almost no linear co-movement between 

COVID-19 confirmed cases and China's iron ore price jumps and between confirmed 

cases and China's copper price jumps. The main reason is that the demand for iron ore 

and copper is very inelastic, and their use is irreplaceable. Many market participants 

watch the epidemic's impact on iron ore and copper so that every step of the epidemic 

does not become an utterly unexpected expectation. In construct, the COVID-19 

confirmed cases co-move with China's gold and nickel price jumps at the time scale 
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over 64 days-length time scale. 

6. Conclusion 

Commodity price jumps are a pattern of movement distinct from general dynamic 

mean changes and distinct from dynamic variance changes, and it is highly likely that 

the COVID-19 epidemic influences the characteristics of such jumps. Commodity price 

jumps can directly impact commodity pricing and price forecasting, creating many 

challenges for risk management. This study explores the characteristics of the impact 

of the COVID-19 epidemic on China's commodity price jumps. We use 5 min high-

frequency futures closing price data of three commodity markets (energy, chemical, and 

metal) to compute the jump intensity of China's commodity. The full sample period in 

this paper is from January 23, 2020, to June 10, 2022, and we divide the time span into 

three COVID-19 spread situation Phases, i.e., Phase I (2020/1/23-2020/5/5), Phase II 

(2020/5/5-2021/12/27), and Phase III (2021/12/27-2022/6/10). Our findings are as 

follows. 

Firstly, the information spillover from the COVID-19 spread situation to China's 

energy price jumps is relatively weak. The jump information spillover mainly occurs at 

Phase I and Phase III. In Phase I, the COVID-19 confirmed cases co-move with China's 

energy price jumps mainly at the 16-32 days-length time scale, while co-moving with 

China's energy price jumps mainly at the time scales over 128 days-length in Phase II 

and Phase III. 

Secondly, the jump information spillover from the COVID-19 spread situation to 

China's chemical price jumps is very strong, especially the information from global 

COVID-19 spread situation. Similar to the cases in China's energy price, the jump 

information spillover mainly occurs in Phase I and III. The linear co-movement 
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between COVID-19 confirmed cases and the chemical price jumps mainly at the 32-64 

days-length time scale in Phase I, while there is little linear co-movement pattern in 

Phase II and III. 

Thirdly, the contribution of daily COVID-19 confirmed cases to China's metal 

commodity price jumps is higher from that of China than from that of global. This 

feature occurs particularly in Phase II and Phase III. There are almost no linear co-

movement between COVID-19 confirmed cases and China's metal commodity price 

jumps in Phase I and III, while the co-movement pattern occurs at a time scale over 128 

days-length. 

Our findings extend the existing literature on commodity price movements in the  

COVID-19 epidemic and raise awareness of the resilience of China's commodity 

markets. Not all markets react to black swan events identically, and jumps in individual 

markets should be assessed carefully and appropriately by market participants when 

formulating hedging strategies. This study provides insights into commodity market 

risk management under significant public health events that may arise in the future. 

Appendix A An example of the jumping process 

In addition, in order to illustrate the harmfulness of jump term more vividly to price 

modelling, we further explain the process with Figure. A1. As is shown in Figure. A1, 

the red solid line is a Geometric Brownian Motion (GBM) and black dotted line is a 

GBM with a Poisson jump term. Both they have the same volatility in their Brownian 

motion term and have the same mean in their draft motion term. If a GBM contains a 

Poisson jump term, it will deviate from the underlying GBM, and investors will mistake 

this deviation for a volatility component that can be obtained using historical 

information. 
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Figure A1. The simulation of the harmfulness of jump term in standard 
Geometric Brownian Motion (GBM) pricing process. 

Note: We simulated a realized GBM 𝑙𝑙𝑙𝑙𝑙𝑙𝑃𝑃(𝑡𝑡) = 𝑙𝑙𝑙𝑙𝑙𝑙𝑃𝑃(𝑡𝑡 − 1) + ∫ �𝜇𝜇 − 1
2
𝜎𝜎2� 𝑑𝑑𝑡𝑡𝑡𝑡

0 + ∫ 𝜎𝜎𝑑𝑑𝐵𝐵𝑡𝑡
𝑡𝑡
0  and a realized GBM 

with jump term process 𝑙𝑙𝑙𝑙𝑙𝑙𝑃𝑃(𝑡𝑡) = 𝑙𝑙𝑙𝑙𝑙𝑙𝑃𝑃(𝑡𝑡 − 1) + ∫ �𝜇𝜇 − 1
2
𝜎𝜎2� 𝑑𝑑𝑡𝑡𝑡𝑡

0 + ∫ 𝜎𝜎𝑑𝑑𝐵𝐵𝑡𝑡
𝑡𝑡
0 + Δ∑ 𝐽𝐽(𝑡𝑡)0<𝑠𝑠≤𝑡𝑡  , where 𝐽𝐽𝑡𝑡  is a 

compound Poisson process with 𝐽𝐽(𝑡𝑡) = ∑ 𝑌𝑌𝑖𝑖
𝑁𝑁(𝑡𝑡)
𝑖𝑖=1 , 𝑌𝑌𝑖𝑖~𝛷𝛷(𝜇𝜇𝐷𝐷,𝜎𝜎𝐷𝐷) and 𝑁𝑁(𝑡𝑡)~Poisson Process(𝜆𝜆). In simulation, we 

set 𝜇𝜇 = 𝜇𝜇𝐷𝐷 = 0 , 𝜎𝜎 = 0.1 , 𝜆𝜆 = 5  and 𝜎𝜎𝐷𝐷 = 0.5 . The realized GBM with jump term would shows the same 
volatility 𝜎𝜎 with realized GBM under GARCH or other volatility estimation model, while the trajectories of black 
dotted and red solid line vary and investors would not be aware of the difference if they ignore the price jump 
behavior. 
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