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This study investigates spillovers among agricultural commodity future price (AFP), crude oil price (COP), and economic policy uncertainty (EPU) from China perspective, using quantile connectedness method. The empirical findings indicate that AFP, COP, and EPU exhibit significantly elevated volatility connectedness at extreme quantiles compared to median levels, revealing intensified cross-market contagion during economic uncertainty and tail events. Moreover, the dynamic characteristics of AFP, COP, and EPU are empirically validated, while historical crises are shown to amplify these spillover mechanisms substantially. The key innovation lies in integrating EPU within the COP-AFP analytical paradigm, where dynamic quantile shifts capture their interdependencies across market conditions, thereby expanding the theoretical scope. Thus, this research further provides policies, such as agricultural market monitoring mechanism and international economic cooperation, for multiple market participants.
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1 Introduction

Crude oil is regarded as one crucial natural resource in economic activities, people’s daily lives, and social development (Wang et al., 2023; Alsharif, 2024), thus its price volatility attracts significant concern (Tunc et al., 2022; Wang K. H. et al., 2022; Jiang et al., 2018). For example, in January 2020, crude oil prices (COP) peaked at $63.67 per barrel, plummeted to $26.64 by April, and surged to $112.46 in March 2022. The huge price fluctuation not only affects the prices of agricultural production materials like fertilizers, but also impacts the transportation costs of agricultural products (Zakaria et al., 2021; Benlagha and Abdelmalek, 2024). That further transmits to agricultural commodity price, such as soybean price increased sharply from $843.03 per ton to $1557.19, and then decreased to $1242.83 per ton within 2021. The continual fluctuations of agricultural commodity prices have greatly weakened the security of the world’s food security, and economic and social stability (de Araujo et al., 2020; Amolegbe et al., 2021; Bossman et al., 2023). Thus, countries have to adjust their economic policies to cope with the huge price volatility of oil and agricultural commodity, which exacerbated economic policy uncertainty (EPU) (Wen et al., 2021; Tunc et al., 2022; Shahbaz et al., 2023). Especially, in the context of global market integration and commodity market financialization, especially during COVID-19, the international economic situation was changeable and EPU fluctuated greatly (Beyer et al., 2023; Li S. et al., 2024). This situation has enhanced information spillover and the risk transmission between the markets for oil and agricultural commodities, which has led to price movements that are more volatile (Zhou et al., 2022). Therefore, we consider EPU when discussing the connection between COP and agricultural commodity futures price (AFP), with a view to achieving results that are more comprehensive. This study is of great significance for business cycle analyses, policy formulation and risk management.

The current literatures widely discuss the pairwise relationship among oil price (COP), economic policy uncertainty (EPU), and agricultural commodity market. Firstly, the literatures commonly argued that EPU have an obvious impact on the market for agricultural commodities (Frimpong et al., 2021; Hu et al., 2023), and this relationship may be nonlinear (Long et al., 2023; Bossman et al., 2023). Some special papers concern China, and argue China’s EPU on agricultural commodity market is asymmetric (Feng et al., 2022), term-dependent (Wu et al., 2023), and heterogeneity of agricultural commodities (Jiang et al., 2023). Secondly, the literatures widely discussed the COP and agricultural commodity market. On one hand, the COP and agricultural commodity market are tightly related (Tiwari et al., 2022; Zeng et al., 2024), and this link asymmetric and time-varying (Hung, 2021; Wang et al., 2023; Sun et al., 2023). One the other hand, some studies hold that the relationship is not observed in global world (Qiu et al., 2012; Reboredo, 2012), and in certain countries such as South African and China (Fowowe, 2016; Luo and Ji, 2018). Thirdly, the literatures extensively investigate the bidirectional relationship between EPU and COP. The first research stream argue that COP owns significant effect on the EPU (Rehman, 2018), but this effect may be positively (Wang et al., 2022a) or negatively (Shahbaz et al., 2023). The second research stream indicate that EPU’s influence on the COP is obvious (Apostolakis et al., 2021; Zhang et al., 2023), and term-dependent (Sun et al., 2020; Wang et al., 2022b; Wang et al., 2023). To sum up, the current literatures initially discussed EPU, COP and agricultural commodities markets, but some research gaps need to be addressed as following: (1) The previous literatures focus on pairwise relationships, and lack a unified framework that incorporates these variables through influencing mechanism. (2) Linear relationship among variables is commonly utilized that is not fully conform to reality, thus nonlinear discussion is necessary. (3) China is one of most important participants in global oil and agricultural market, but few studies link China’s EPU with these two markets, thus lack of policy reference significance.

China is a rising economy, and the associated characteristics make it a fascinating subject for study. First, China confronts obvious uncertainties of economic policies. The Sino-US trade dispute, EU anti-dumping investigation, and other trade protectionism make China confront serious external economic environment, and causes it frequently adjust economic policies (Wang and Shi, 2022; Afonso et al., 2024). In addition, China’s economic growth has slowed recently, and the country has experienced problems associated with a deep-seated structural imbalance (Dai and Peng, 2022; Li R. et al., 2024), thus new round of reforms such as speed change and structural optimization, are carried out, which exacerbated the uncertainties of economic policy. Second, China is having trouble with the world oil market. China’s oil production is limited, and rapid economic growth has driven a rapid increase in crude oil demand (Zaghdoudi et al., 2023; Pan et al., 2024; Wang et al., 2025a). It has turned into the biggest net crude oil importer worldwide since 2013. In 2020, it imported 542.39 million tons of oil and depended upon crude oil imports for more than 73% of its total oil usage (Long and Zhang, 2022). Furthermore, China is in a delicate situation since it lacks the ability to actively control the price of crude oil and can only passively accept variations in that price (Yan and Cheung, 2024; Wang X. et al., 2025). Third, China is a major importer of agricultural commodities. In 2019, the number of imported agricultural commodities reached 133.1 billion US dollars, surpassing the European Union and the U.S., and becoming the world’s largest importer of agricultural commodities (Yu et al., 2023). From 2005 to 2020, China’s monthly agricultural imports grew from approximately 2 billion USD to more than 14 billion USD (Zhang et al., 2022). For example, the grain import volume has increased from 3.444 million tons to 65.376 million tons in 2021, with an average yearly growth of 15.9%. To sum up, China owns special features in oil market, economic policy agricultural commodity market, and EPU, which provides realistic basis for discussing these variables from China’s perspective.

Our paper has several marginal contributions. First, this paper establishes a unified theoretical analysis framework based on influencing mechanisms. Since no established theory that definitively explains the relationships among EPU, COP and agricultural commodity prices (Hu et al., 2023; Wang et al., 2023; Benlagha and Abdelmalek, 2024), we utilize production costs, market demand and other influencing mechanism to link them. We further discuss spillover at different market conditions (normal and extreme), and recognize time-varying response to significant events, which enriches the theoretical framework. Second, since literatures specially considers EPU for developed countries (Bossman et al., 2023; Alamah et al., 2024), this paper specially considers China, and discusses its EPU roles in global energy and agricultural market. China owns the largest population, occupies the second largest economic entity, and also the most important energy and agricultural products importer. Thus, China is relatively more vulnerable to international price volatility, and its economic policy uncertainty may opposite affect international commodity price. That can enrich researches related to China’s practical research, and further enhance theoretical research. Third, this paper is beneficial for exploring the spillover among different markets under different market condition and time that uses recently developed quantile-VAR spillover method, instead of single time aspect (Shahbaz et al., 2023; Che et al., 2024). That can provide ideas for policy-makers to adopt a set of practical policy tools to maintain price stability. Investors and other stakeholders can better manage risk exposure and create portfolio strategies to prevent unforeseen future losses by having a better understanding of the mechanics of market volatility spillovers.

This article assesses the volatility spillovers among China’s economic policy uncertainty, oil price, and agricultural commodity prices from 2005: M01 to 2022: M04, using a quantile connectedness approach. The main empirical result is that EPU is much more strongly correlated with other variables under extreme conditions than it is under normal conditions. In turbulent periods, EPU, corn prices and cotton prices are the most interconnected, and the COP is closely related to the prices of all agricultural commodities. Meanwhile, under the normal market, the COP is most closely related to soybean prices, and under the positive market, the COP is most closely related to wheat prices. Furthermore, the time-varying characteristics of variables are confirmed and major crisis events intensify the spillover effect. We find that in extreme markets, variables frequently switch roles between transmitter and receiver. Meanwhile in a normal state, EPU is the obvious receiver.

The paper is structured as below. Section 2 offers an overview of the pertinent studies, and Section 3 establishes the theoretical framework. Section 4 discusses the research methods. The next section shows the data sources and descriptions. Section 6 consists of the empirical findings and related discussion. Section 7 provides concluding remarks and policies.



2 Literature review


2.1 EPU and agricultural commodities

A substantial corpus of the literature investigates how EPU affects agricultural commodities. Wang et al. (2017) indicated that trade policy, dollar depreciation and the financial crisis events that triggered the EPU increase are have an increasing impact on global agricultural product prices. Czudaj (2020) showed that time-dependent uncertainty affects trader expectations in agricultural futures markets. Frimpong et al. (2021) found that global EPU is the driving factor for the fluctuation in agricultural commodities prices and poses risks to the stability of agricultural markets. Long et al. (2023) confirmed that the impacts of global EPU on agricultural commodity prices are long-term asymmetric and positively correlated. Platania et al. (2022) discovered that the public’s high attention to EPU intensifies the impact of social media activities, thus triggering a deeper reaction to the agricultural commodity market. Bossman et al. (2023) showed that agricultural commodities primarily serve as diversifiers of the effects of EPU and only show limited hedging capabilities against the downside risks generated by the USEPU. Differently, Alamah et al. (2024) point out that wheat price variations are not consistently predicted by changes in the U.S. EPU.

Some studies on EPU and agricultural commodities are related to China. Xiao et al. (2019) found that wheat prices are less affected by China’s EPU than are corn and soybean prices. Zhu et al. (2020) indicated that domestic EPU has a considerable adverse effect on the return rate of agricultural product futures in bear markets. Li and Li (2021) verified that the EPU of China significantly harms the sustainability of its net agricultural product imports. Wen et al. (2021) showed that in the medium term, the negative impact of EPU on China’s grain prices outweighs the favorable benefit. Feng et al. (2022) proved that between agricultural futures prices and EPU in the U. S. and China, there is anti-persistent and asymmetric multifractal cross-correlation. Wu et al. (2023) indicated that commodities, geopolitical risk, and EPU are more closely related over the long run than they are over the short term.



2.2 COP and agricultural commodities

The relationship between crude oil prices and agricultural commodities markets has been the subject of numerous research. Aynur (2013) showed that the causalities between the Brent COP and the agricultural commodity price is bidirectional in the long term. Lucotte (2016) and Mensi et al. (2017) indicated that the COP influence on agricultural commodity prices has increased since the 2006 food crisis. Su et al. (2019) confirmed that the prices of oil and agricultural commodities are positively correlated, time-varying, and causally related. Dahl et al. (2020) showed that during times of economic unrest, the two-way spillover and asymmetric information flow between crude oil and agricultural commodity futures become more intense. Hung (2021) showed that the spillover of agricultural commodities to the COP varies significantly over time, with the price spillover impact being especially visible during the COVID-19 crisis. Tiwari et al. (2022) observed that the agricultural commodity price is extremely susceptible to the impact of the oil market. Zeng et al. (2024) indicated that for the main agricultural commodity indices, crude oil volatility primarily acts as a net recipient of risk spillover effects.

Conversely, some studies do not support the above view. Qiu et al. (2012) noted that prices of agricultural products are mostly determined by market supply and demand, not the COP. Reboredo (2012) provided evidence of a limited tail reliance, which implies that high oil price volatility has minimal impact on agriculture markets. Gardebroek and Hernandez (2013) assessed the interdependence of the oil, ethanol and corn markets and found no volatility effect of oil price on the corn market. Fowowe (2016) confirmed that COP and agricultural product prices in South African countries do not correlate in the short or long term. Luo and Ji (2018) demonstrated that the volatility spillover impact between the US COP and China’s agricultural commodities prices is exceedingly low. Naeem et al. (2022) showed that oil was a safe haven for metals and agricultural commodities before the global financial crisis (GFC), but it lost this ability during the GFC.



2.3 Crude oil price and EPU

Related studies have investigated the linkage between EPU and COP. The first aspect is the research on the COP influence on EPU. Kang and Ratti (2013) reported that EPU is negatively impacted by the COP increase brought on by shifts in the oil market’s demand. Rehman (2018) showed that The EPU of Spain, Japan, and India is significantly impacted by the worldwide COP shock. Hailemariam et al. (2019) demonstrated that crude oil prices rose EPU following the global financial crisis. Wang et al. (2022a) found that the COP has varying EPU effects on various BRICS countries, and the COP fluctuation significantly and positively affects only India’s EPU in the long term. Shahbaz et al. (2023) showed that the long-run linkage between oil prices and EPU is positive in Australia, negative in the U.S., and insignificant in Singapore.

The second aspect concerns the study of EPU’s influence on the COP. Aloui et al. (2016) indicated that only during the Great Recession and the financial crisis did higher EPU significantly increase crude oil returns. Apostolakis et al. (2021) demonstrated that crude oil prices are net recipients of EPU shock spillovers. Wang et al. (2022b) found that short-term fluctuations in the COP are caused by uncertainties in global economic policy, but long-term changes are more crucial. Some studies have also shown an interaction between them. Antonakakis et al. (2014) found that the impact between COP fluctuations and EPU have a mutually negative reaction. Sun et al. (2020) indicated that in the short term, the linkage between EPU and the COP is weak, but it gradually grows with time. Tunc et al. (2022) showed that the mutual effect of oil prices and EPU is not invariant but changes with time. Zhang et al. (2023) indicated that the EPU index is a useful tool for predicting volatility in the crude oil market.

Large number of the existing researches commonly focus on paired relationship of EPU and agricultural commodities (Frimpong et al., 2021; Long et al., 2023; Alamah et al., 2024), COP and agricultural commodities (Umar et al., 2021; Tiwari et al., 2022; Zeng et al., 2024), and EPU and the COP (Sun et al., 2020; Shahzad et al., 2021a, 2021b; Shahbaz et al., 2023), which lacks of a unified theoretical framework. Besides, the researches also ignored the difference between the extreme conditions and the normal state, paying little attention to the information contagion effect among the three variables. In order to address the mentioned issue, this paper tries to establish a theoretical framework for these variables through influencing mechanisms, and provides theoretical support for following empirical analysis. In addition, we utilize quantile connectedness to comprehensively analyze dynamic spillover and connectedness among EPU, the COP and the agricultural commodities price under different conditions and periods. Doing so can provide directional strategies for stabilizing commodity prices, and formulating appropriate economic policies.




3 Theoretical framework

This section provides detailed theoretical framework, containing economic policy uncertainty (EPU), agricultural commodities prices (AFP) and crude oil price (COP), and their impact paths are visualized in Figure 1.
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FIGURE 1
 The influencing mechanism among COP, AFP, and EPU.


The first influencing mechanism is for EPU and AFP. First, the EPU would change the supply–demand nexus of the agricultural commodity. Generally, high EPU is associated with economic risk, agricultural-exporting nations decreased their exports to protect their domestic food security, which decreased the availability of agricultural products on the global market (Long et al., 2023; Su et al., 2023). Oppositely, the economic and food concern makes agricultural-importing countries import more agricultural products for stockpiles (Long et al., 2023). Therefore, the limited supply and increased demand will cause prices of agricultural commodity to rise. Second, EPU would affect the psychological expectations of market participants. If the policy information is not completely effective, the EPU degree will be amplified, leading to some unpredictable behaviors (Bagh et al., 2024a), such as delay investment and consumption, which directly affect agricultural commodity market, and further cause AFP fluctuations (Bakas and Triantafyllou, 2018; Li et al., 2023). Third, EPU would affect investment portfolios, resulting in price fluctuations. Commodity futures are utilized as safe havens and hedges in portfolios to decrease risks in high EPU environments (Ren et al., 2022; Xiang and Borjigin, 2024). In general, shocks from policy uncertainty increase chance of bad events and lower returns, prompting stakeholders to seek a risk premium, which ultimately influences market sentiment and investor behavior, leading to price fluctuations (Li et al., 2023). Thus, this paper presents the following Hypothesis:


Hypothesis 1: EPU would exacerbate fluctuations of the AFP through demand shocks, psychological expectations and investment portfolios.


The second influencing mechanism is related to the COP and AFP. First, COP would change agricultural costs in production and transport. The rising COP raises the cost of many energy-intensive inputs, such as fertilizers and agricultural equipment, thus pushing up the production cost and ultimately leading to increased agricultural commodity prices (Raza et al., 2022; Trari-Medjaoui and Mezouri, 2024). For instance, early in 2008, the price of crude oil saw a sharp increase, which had a ripple effect on other important agricultural commodities and caused their prices to revert (Mensi et al., 2025). Second, COP changes would affect the use of biofuels as a substitute. Environmental issues obtain increasing attention (Bagh et al., 2024b), the COP would affect biofuel manufacture (Mokni and Ben-Salha, 2020), and biofuels are extracted mainly from agricultural commodities such as soybean and corn (Wang E. Z. et al., 2022). In particular, rising oil prices may increase demand for the vegetable, sugarcane, and maize oils needed to make biodiesel and ethanol, which would raise their costs (Wei et al., 2024). Consequently, due to oil price volatility, a substantial amount of land is re-allocated for biofuels, which inevitably influences AFP (Tiwari et al., 2022). Thus, this paper offers the following Hypothesis:


Hypothesis 2: COP would intensify volatility of the AFP through affecting costs of agricultural inputs and biofuels utilization.


The third influencing mechanism is related to the EPU and COP. First, EPU would affect economic and financial fundamentals. The stable EPU is generally accompanied by economic expansion, the increase in production activities raises the crude oil demand and affects the COP (Liu F. et al., 2023). Furthermore, as oil market financialization is becoming the core factor determining the COP, EPU influences the COP by changing the behaviors of financial market participants (Ma et al., 2019). Second, EPU would affect decision-making in crude oil imports and exports. EPU contains information about many sources of uncertainty, including trade conflicts, financial crises and geopolitical risks (Wu et al., 2023). The EUP increase caused by such sources may hinder the import and export of crude oil and thus affect the COP. Conversely, drastic COP fluctuations can influence EPU. COP fluctuations cause changes in inflation, prices, manufacturing costs, investment, and consumption (Liu X. et al., 2023). These issues require policy-makers to implement new economic policies, leading to higher EPU. Therefore, this paper provides the following hypotheses:


Hypothesis 3: EPU would amplify variations of the COP through affecting macroeconomy and decision-making of oil import and export.




4 Quantile vector-autoregressive (QVAR) connectedness method

In this study, we utilize quantile connectedness methodology to capture the spillover connectedness among variables across different quantiles. We first define basic QVAR model in following Equation 1:
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The QVAR model was then rewritten as a moving average representation to start the quantile forecast error variance decomposition, which is shown in Equation 2:
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Then, we will conduct a generalized forecast error variance decomposition (GFEVD) procedure to calculate the degree of influence one variable has on another. As a result, the H-step-ahead GFEVD can be expressed mathematically as:
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, which evaluates the net effect of an asset within the system. In contrast to a negative value, which indicates the asset is the net recipient of the shock from the system, a positive net value indicates the asset is the net transmitter of the shock.

This method extends the mean-based vector-autoregression (VAR) method of Diebold and Yilmaz (2012) and Diebold and Yılmaz (2014), and examines spillover effects under different quantiles to deal with normal and extreme market conditions (Hoque et al., 2024). This approach provides a flexible framework and successfully depicts the various impacts of tail events and tail dependence between variables in various quantiles (Samarakoon and Pradhan, 2026; Wang et al., 2024). It thereby enables the analysis of non-linear shock propagation and asymmetrical mutual influences under various market scenarios (Bulut and Marangoz, 2025). The QVAR connectedness method has widely utilized in energy market uncertainty (Zhou et al., 2025), digital assets (Alnafisah et al., 2025), carbon markets (Bouteska et al., 2025) and other fields. As a result, the quantile spillover approach offers our study a strong instrument to investigate the complex connections between various marketplaces.



5 Data sources and description

Our sample ranges from 2005: M01 to 2022: M04. This paper selects the monthly data of three variables: economic policy uncertainty (EPU), the crude oil price (COP) and the agricultural commodities future price (AFP). In 2005, China started using a managed floating exchange rate regime, which caused the RMB to steadily appreciate. In addition, EPU has surged as a result of some Chinese events, including the 2009 fiscal plan worth $4 trillion, the 2015 stock market crash, and the 2018 Trade War. The time span of the data also includes major international events such as the COVID-19, Sino–US trade friction, the European sovereign debt crisis, and the global financial crisis. The first variable is China’s economic policy uncertainty (EPU). The EPU index was first created by Baker et al. (2016) and can be found at http://www.policyuncertainty.com. The index is widely used in Wen et al. (2021) and Zhu et al. (2022). The crude oil price (COP) is the second variable. Following Hau et al. (2020) and Dai P. F. et al. (2022), we utilize the Brent crude oil futures price to reflect actual oil price volatility, and the raw data are collected from the Wind database. The third variable is the agricultural commodity futures price (AFP), including soybeans (SFP), corn (CFP), wheat (WFP) and cotton (COFP), which are sourced from the Chicago Board of Trade and the New York Futures Exchange. We select them to measure agricultural prices because many studies also do so (Kumar et al., 2021; Dai Y. S. et al., 2022). Table 1 indicates descriptive analysis for variables. Since the data must be stable and adhere to normality, the first-order difference of logarithm is taken for all variables (Wang et al., 2025b).


TABLE 1 Descriptive statistics and unit root test.


	Variable
	EPU
	COP
	SFP
	CFP
	WFP
	COFP

 

 	Mean 	0.009 	−0.004 	0.006 	0.006 	0.006 	0.005


 	Median 	0.003 	−0.016 	0.005 	0.005 	−0.002 	0.008


 	Max 	1.145 	0.498 	0.167 	0.276 	0.314 	0.189


 	Min 	−1.209 	−0.229 	−0.242 	−0.281 	−0.245 	−0.224


 	Std. dev 	0.372 	0.094 	0.060 	0.072 	0.074 	0.066


 	Skewness 	0.024 	1.336 	−0.654 	−0.103 	0.560 	−0.369


 	Kurtosis 	3.490 	7.221 	5.485 	5.232 	5.543 	4.154


 	Jarque-Bera 	2.092 	215.189 	68.002 	43.327 	66.581 	16.189


 	ADF 	−13.828*** 	−9.535*** 	−10.830*** 	−10.901*** 	−12.706*** 	−9.220***


 	KPSS 	0.048 	0.084 	0.116 	0.117 	0.149 	0.077


 	PP 	−41.206*** 	−9.003*** 	−10.821*** 	−10.908*** 	−12.624*** 	−9.330***





*** denotes significance at the 1% level. Augmented Dickey-Fuller (ADF) and Kwiatkowski-Phillips-Schmidt-Shin (KPSS) tests examine unit root and stationarity, respectively. All variables are converted into a logarithmic difference into a stationary series to estimate the VAR mode.
 

According to Table 1, the COFP had the lowest average value, and the average SFP, CFP and WFP values were all 0.006 when considering only the agricultural commodity market. Compared to the other variables, the EPU’s standard deviation was higher at 0.372, indicating that it fluctuates more than the AFP and COP. Except for the WFP, all futures prices for agricultural commodities exhibited negative skewness, demonstrating that the distribution’s left side’s tail is fatter than its right. The kurtosis of EPU, the COP and all agricultural commodity futures prices exceeded 3, proving the apparent leptokurtosis features of these variables. The Jarque–Bera test statistics revealed that the indicators followed a normal distribution at a significance level of 1%. Moreover, the results of the ADF and KPSS tests showed that all parameters were stationary, supporting the viability of adopting a vector autoregressive model for the analysis.

Figure 2 shows the fluctuation trend of EPU, the COP and the AFP. In 2005, China introduced a managed floating exchange-rate mechanism and a share-trading reform and the U.S. levied a punitive tax of 27.5% on its imports, thus increasing EPU. The global financial crisis in 2008 caused EPU first to increase and then to decrease. In January 2017, Donald Trump’s inauguration brought EPU to its peak. In 2018, Sino–US trade frictions intensified the EPU increase, bringing it to a new peak. In 2020, the COVID-19 pandemic promoted an uptick in EPU. EPU dramatically dropped with the onset of the post-pandemic era and the steady impact of China’s preventative and control measures. The COP shows a fluctuating trend and synchronizes with EPU at some time points. Affected by the financial crisis in 2008, the COP decreased significantly. From 2014 to the beginning of 2016, the COP fell precipitously as a result of developments like the shale oil revolution and the Russia-Ukraine conflict. At the beginning of 2020, owing to the COVID-19 epidemic and the conflict over energy prices, the COP experienced an unprecedented decrease. After April, as global public health events began to be controlled, OPEC tightened its control over oil production and the global economy recovered, the oil price gradually rebounded. The AFP fluctuated greatly overall. In 2006, extreme weather, the COP increase and the development of biofuels led to a sharp AFP increase. In 2008, affected by the global financial crisis, the AFP showed a significant downward trend. In 2010, extreme weather and trade protection policies led to a general increase in the AFP. In 2014, the global grain and soybean harvest, the strengthening US currency and the erratic growth of China’s economy caused the AFP to fall to the lowest level in recent years. After May 2020, the risk of global grain production reduction and trade chain disruption caused the AFP to gradually increase to a new peak.

[image: Line graph depicting various economic and political events from 2005 to 2021 affecting indices like EPU, COP, CFP, SFP, COFP, and WFP. Key events include the Global Financial Crisis, European Debt Crisis, Shale Oil Revolution, Russian-Ukrainian Conflict, and COVID-19 Outbreak. Axis on the left shows EPU, COP scales, and the right shows CFP, SFP, COFP, and WFP. Arrows indicate significant events impacting indices.]

FIGURE 2
 The trends of EPU, COP, and AFP.




6 Empirical analyses

The quantile VAR model in Equation (1) is used to construct a number of connectivity metrics. These consist of the total connectedness index (TCI) (Equation 5), directional TO (Equation 6), directional FROM (Equation 7), net connectedness index (NCI) (Equation 8) and pairwise connectedness index (TCI) (Equation 5).


6.1 Static analysis

The volatility spillovers TO and FROM are shown in Tables 2–4 for all variables at quantiles 0.5 (median), 0.1 (lower), and 0.9 (upper), respectively. When compared to the lower (67.5%) and upper quantiles (66.3%), the median quantile’s (37.5%) overall connectedness was significantly lower. The outcome is consistent with the concept that extreme quantile (distribution tails) volatility is more increased. This finding suggests that in extreme cases, the spillover connectedness among EPU, the COP and the AFP is tighter. Major crises, including the global financial crisis, the European debt crisis, Sino-US trade conflict, and the COVID-19, have occurred globally, and the contagion effect of the economy and commodity markets has continued to strengthen (Wang et al., 2023). For example, the COVID-19 affected the expectations and emotions of market participants, and lead to abrupt fluctuations in the commodity futures market (Guru et al., 2024). In addition, commodity prices, especially for basic commodities such as crude oil and agricultural commodities, can provide useful information for economic policy-making (Wang et al., 2021; Chen et al., 2024). In response to the sharp rise in agricultural prices, China abolished agricultural taxes, increased financial subsidies, and enhanced the application of emerging information technologies. Besides, China also develops ladder pricing mechanism, launches financial subsidies, optimize monetary policies such as establishing green finance system, for coping with oil price volatility (Jiang and Cheng, 2021). Therefore, under extreme conditions, the degree of the information spillover for EPU, the COP and the AFP is enhanced.


TABLE 2 Volatility spillovers estimated at the median quantile (τ = 0.5).


	Variable
	EPU
	COP
	SFP
	CFP
	WFP
	COFP
	FROM

 

 	EPU 	96.5 	0.5 	2 	0.4 	0.2 	0.4 	3.5


 	COP 	0.4 	69 	11 	6.5 	1.2 	12 	31


 	SFP 	0.7 	5.1 	48.1 	26.3 	13.6 	6.2 	51.9


 	CFP 	0.2 	3 	24.9 	47.9 	18.8 	5.2 	52.1


 	WFP 	0.1 	0.7 	16.5 	22.5 	56.7 	3.5 	43.3


 	COFP 	0.2 	12.3 	13.1 	10.5 	7 	56.9 	43.1


 	TO 	1.6 	21.7 	67.4 	66.1 	40.8 	27.3 	224.9


 	NET 	−1.9 	−9.3 	15.6 	14 	−2.5 	−15.8 	TCI = 37.5





The TCI value denotes the total spillover index, and the higher the value, the stronger the connectedness between the variables; The NET value denotes the net directional connectedness. If the value is positive, it means that the variable is a net risk transmitter. On the contrary, it acts as a net risk receiver.
 


TABLE 3 Volatility spillovers estimated at the lower quantile (τ = 0.1).


	Variable
	EPU
	COP
	SFP
	CFP
	WFP
	COFP
	FROM

 

 	EPU 	35.9 	8.8 	11.6 	15.4 	12.9 	15.5 	64.1


 	COP 	11.7 	44.2 	10.5 	11 	11.4 	11.2 	55.8


 	SFP 	8.6 	6 	26.7 	21.6 	19 	18 	73.3


 	CFP 	11.1 	5.6 	21.4 	27.6 	19.2 	15.1 	72.4


 	WFP 	10.5 	6.8 	19.1 	20.1 	29.3 	14.2 	70.7


 	COFP 	10.7 	5.4 	17.7 	17.7 	17.4 	31.1 	68.9


 	TO 	52.6 	32.5 	80.3 	85.8 	79.9 	74.1 	405.3


 	NET 	−11.5 	−23.3 	7 	13.4 	9.2 	5.2 	TCI = 67.5





The TCI value denotes the total spillover index, and the higher the value, the stronger the connectedness between the variables; The NET value denotes the net directional connectedness. If the value is positive, it means that the variable is a net risk transmitter. On the contrary, it acts as a net risk receiver.
 


TABLE 4 Volatility spillovers estimated at the higher quantile (τ = 0.9).


	Variable
	EPU
	COP
	SFP
	CFP
	WFP
	COFP
	FROM

 

 	EPU 	40.1 	11.4 	10.5 	12.3 	13.7 	12 	59.9


 	COP 	14.8 	46.3 	6.7 	8.5 	15.1 	8.7 	53.7


 	SFP 	8.2 	6.1 	29.1 	22.3 	18.8 	15.6 	70.9


 	CFP 	9.3 	7.2 	21.6 	28 	19.7 	14.2 	72


 	WFP 	10.4 	8.8 	18.2 	19.2 	29.1 	14.3 	70.9


 	COFP 	10.3 	6.7 	19.1 	17.2 	17 	29.7 	70.3


 	TO 	53 	40.2 	76.1 	79.5 	84.2 	64.8 	397.7


 	NET 	−6.9 	−13.5 	5.2 	7.5 	13.3 	−5.5 	TCI = 66.3





The TCI value denotes the total spillover index, and the higher the value, the stronger the connectedness between the variables; The NET value denotes the net directional connectedness. If the value is positive, it means that the variable is a net risk transmitter. On the contrary, it acts as a net risk receiver.
 

Furthermore, we found an interesting feature in which the sign of the net overflow for some variables changed when we switched between the quantiles. We use receivers and transmitters to describe the variable identities. Their economic significance is the amount of information that a variable receives or transmits to the markets of the other variables. For example, in the 0.1 and 0.9 quantiles, the WFP sent information, and in the 0.5 quantile, it accepted shocks. Information was received by the COFP in the upper and median quantiles, and it was transmitted in the lower quantile. The asymmetrical nature of the volatility connection between EPU, the COP, and the AFP is demonstrated by these findings. The net volatility spillovers for the remaining two agricultural commodities (CFP and SFP), EPU and the COP exhibited consistent behaviors across all conditional quantiles. EPU and the COP were recipients of a net overflow of information in all quantiles. Especially in an extremely negative market, price fluctuations in the agricultural market (SFP, CFP, WFP and COFP) affect EPU and the COP. Commodity prices can reflect real-time information on economic conditions and are an effective reference for making economic policies (Zhu et al., 2020). For example, the increasing oil price directly raise production and living costs, brings structural changes in an economy, which forces the government to adjust its economic policies (Diaz et al., 2024). Therefore, fluctuations in the price of agricultural commodities will transmit economic information to EPU. We also observed that both the SFP and the CFP were information transmitters at all three quantiles, and EPU was a net information receiver. The largest importer and consumer of soybeans worldwide is China, whose dependence on imports reached more than 80% in 2021 (Yao et al., 2020). Facing the SFP fluctuation, China formulated some new economic measures to balance the market for agricultural commodities. Therefore, the risk impact of the SFP on China’s EPU can be explained. In addition, the COFP was a strong receiver of information in the middle quantile. Therefore, in normal times, policy-makers and stakeholders are more concerned about COFP volatility.

The network diagram in Figure 3 plots separately the pairwise network–directional connectedness between all variables. The net connectedness was significantly higher at the low and high quantiles than it was at the median quantile. The line representing the connectedness in the low and high quantiles was thicker than were those in the middle quantile. For example, the connectedness of EPU, the COP and the AFP were darker in color in the corresponding network lines at the 0.1 and 0.5 quantiles, which indicates that the spillover linkages of the three markets were stronger in extreme environments. Therefore, from the perspective of network connectedness, the relationship between the variables in the quantiles was significantly different. We observed that EPU had little association with the other variables in the 0.5 quantile; however, in the 0.1 and 0.9 quantiles, the associated variables (COP and AFP) increased significantly, and the association was stronger. This result shows that in extreme environments, especially extremely adverse conditions, EPU had a stronger role in communicating information with the crude oil and agricultural commodity markets. Since China is the world’s largest crude oil importer, the COP fluctuation is an important factor affecting its EPU (Sun et al., 2020). China formulates policies to counteract the detrimental consequences of the systemic risks and latent contagion effects in response to the COP fluctuations. In addition, the influence of China’s EPU on global markets intensified sharply during the 2008 financial crisis, which may also explain the increased EPU spillover effects with the other two variables under extreme markets (Liu Z. et al., 2023). Furthermore, price stabilization is the main goal of macroeconomic policy. As agricultural products are essential inputs in the manufacture of numerous commodities, AFP fluctuations will have a direct impact on production costs and affect commodity prices. Consequently, fluctuations in agricultural commodity prices will prompt the government to adjust economic policies, which explains the spillover effect of the AFP on EPU.

[image: Three network diagrams labeled (a), (b), and (c) show nodes connected by green and red lines of varying thickness. Nodes labeled COP, GWP, CFP, SFP, COF, and EPU are color-coded with distinct shades. Each diagram illustrates different connection densities and patterns between these nodes.]

FIGURE 3
 Full-sample volatility connectedness networks. (a) 50th quantile. (b) 10th quantile. (c) 90th quantile.


However, the presumption that the connectedness of EPU, the COP and the AFP would be constant throughout the sample period is a key flaw in the static analysis. This assumption ignores changes in the correlations created by financial market volatility and political events. Commodity futures markets evolve, making it challenging to use fixed parameter models for the whole sample period (Diebold and Yılmaz, 2014). To solve this problem, we observe the time-varying connectedness measures.



6.2 Time-varying connectedness

In this section, we perform a rolling analysis using Quantile-VAR to obtain temporal spillover variations under different conditional distributions. The TCI displays the total volatility spillover among variables in the spillover network system. When the TCI value is larger, the system has a higher connectedness level. The temporal changes in the TCI at the 0.5, 0.1, and 0.9 quantiles are shown in Figures 4a–c.

[image: Three time series line graphs labeled (a), (b), and (c), display data trends over a period from 2005 to 2023. Graph (a) ranges from 35 to 65, (b) from 60 to 85, and (c) from 65 to 85, each showing fluctuations and peaks.]

FIGURE 4
 Dynamic rolling window connectedness. (a) 50th quantile. (b) 10th quantile. (c) 90th quantile.


Clearly, the results suggest that the TCI is time varying, with significantly higher connectivity levels in the low (0.1) and high (0.9) quantiles than it has in the median quantile (0.5). The TCI for the median quantile exhibited a fairly wide fluctuation, ranging from 35 to 65%. Conversely, the low (from 65 to 83%) and high quantiles (from 65 to 85%) changed much less over time. These results reconfirm the asymmetric and time-varying volatility spillovers among the variables in the different quantiles of the volatility distribution. From 2008 and 2012, the spillovers peaked, reaching as high as 80%. Trade and financial liberalization strengthened the price spillover effect between different commodity categories (Farid et al., 2022). Agricultural market suffers a widespread price upward, due to extreme weather such as Hurricane Katrina and heatwave in the U.S., and severe flood in India, which reduces the production of staple crops such as corn and rice. Besides, some nations have put trade restrictions in place to promote imports and limit agricultural exports. The Argentine government increased the export taxes on wheat and soybeans from 20 to 28% and 27.5 to 35%, respectively, in November 2007. Meanwhile, during this period, the 2008 global financial crisis and the 2011–2012 Eurozone crisis spread to the global economy, which significantly increased the spillover effects of EPU, the COP and the AFP. From 2013 to 2014, the global economy recovered, and the TCI overall decreased (Shahzad et al., 2017), in contrast to the high TCI found under extreme shocks. Before 2016, the volatility spillover was consistently high, mainly due to EPU, which might be the result of multiple factors. Examples include growing fears of a slowdown in China’s economy in 2012, increasing anxiety about the shadow banking system, the breakdown of stock market in August 2015, and political strikes in November 2016. The TCI across the quantiles decreased significantly from 2017 to 2019. This result can account for the more pronounced benefits of agricultural commodity market diversification in times of crisis, such as the Organization of Petroleum Exporting Countries (OPEC) price reduction agreement and ongoing hostile Sino–U.S. relation. After COVID-19 began in early 2020, dynamic spillovers began to increase significantly, more notably in extreme markets.



6.3 Net total and pairwise spillover

The net directional connection causes each variable’s volatility to impact the system as a whole. Figure 5 shows the correlation of the rolling net volatility connectivity for the three levels of volatility conditions (average, very low, and very high). This analysis helps separate the variables into the net transmitters and the net receivers of systemic risk and information. Unlike the classification we provide in Section 6.2, this section’s dynamic methodology makes it possible to identify the potential transitions between the two variables. Over time, they can act as both net transmitters and net receivers of shocks in the system. For each variable, the positive (negative) values represent the net transfer (receiver) effects.

[image: Three sets of line graphs labeled (a), (b), and (c), each displaying data trends over time from 2010 to 2020 for metrics NET EPI, NET COD, and NET EXP. Each set shows similar fluctuations and patterns in the data.]

FIGURE 5
 Dynamic rolling window NET connectedness. (a) 50th quantile. (b) 10th quantile. (c) 90th quantile.


Figure 5a shows that under normal economic conditions, the CFP was an obvious transmitter, EPU was an obvious receiver, and the other variables were not significant during the whole period. The patterns of net volatility spillovers, however, were significantly different for extreme events (in the upper and lower quantiles), with more of them than for regular markets. In extreme negative conditions, as shown in Figure 5b, EPU was a clear recipient of risk and information between 2007 and 2011. Shocks to China could result from a few significant events, including the 2008 bankruptcy of Lehman Brothers, the European financial crisis, and the United States’ fresh round of quantitative easing policy (Huang and Luk, 2020). China has adopted some economic policies to counteract such shocks, such as the 4 trillion fiscal plan in 2009. In addition, EPU showed a significantly high spillover effect in 2015. The unexpected devaluation of the Renminbi in August 2015 and exchange rate reform may have contributed to this spillover. In addition, the COP was an obvious transmitter of risks and information in approximately 2008 and 2018. The subprime mortgage crisis in 2008 triggered foam and price fluctuations in the oil market. The COP reached a historical high of more than $140 per barrel before the crisis and then decreased to approximately $40 per barrel after the crisis (Zhang et al., 2019). In addition, geopolitical events and OPEC production cuts drove oil price volatility in 2018, which can explain the increase in the COP spillovers in these two periods. Under a favorable economic environment, as shown in Figure 5c, EPU was almost always the information receiver. China’s economic development is vulnerable to commodity supply and demand constraints, because 21% of its food imports were used to produce food domestically in 2022 (Ma and Zhao, 2024). From $9.9 billion in 2001 to $126 billion in 2018, China’s agricultural imports have grown since joining the World commerce Organization (WTO), making up 8.3% of the world’s food commerce (Sun et al., 2021). This situation causes EPU to accept the spillover effect of bulk commodities (Song et al., 2022).

These results provide new insights into shock propagation due to extreme market volatility. Figures 5a–c depict the variability in the variable’s net volatility spillover index over time. Moreover, we provide evidence that the connectivity networks assessed under conditional averages are not suitable to reflect the connectivity spillovers caused by large-scale positive/negative shocks. During crises, the spillover effects of various markets intensify, which emphasizes the importance of prudential supervision and oversight mechanisms on the AFP, the COP and EPU. Thus, if past patterns focused on average network connectivity continue, investors and regulators will ignore the transmitters of volatility in extreme environments. Thus, investors and regulators should continually monitor the dynamic spillover effects caused by the fluctuations of EPU, the COP, and the AFP in extreme situations.

Next, we study the network pairwise connectivity results in Figure 6. We concentrate on the spillover effects related to EPU and the COP to further determine their importance in the agricultural commodity price network. Figures 6a,b show that the COP and the AFP also had a spillover effect. During the serious epidemic period of COVID-19, the low market price led to a decrease in oil production. This situation may increase the prices of agricultural products used to produce biofuels, such as soybean and corn (Rajput et al., 2021). One possible explanation for the rise in agricultural commodity prices is the rise in the use of biofuel. For instance, global biofuel production increased from 228 thousand barrels per day in 1986 to 2,771 thousand barrels per day in 2019, an almost 12-fold increase (Wei et al., 2024). Meanwhile, many countries have launched biofuel plans to reduce fossil oil, and solve energy and environmental issues, which brings changes in agricultural commodities (Karkowska and Urjasz, 2024). The COP and AFP are closely linked by the substitution of biofuels for oil (Tiwari et al., 2022). In addition, the COP affects the AFP by affecting the cost of agricultural product production and shipping (Liu et al., 2019). After 2020, the spillover effects of both the normal and the negative conditions showed opposite directions. Therefore, the COP and AFP are highly correlated, but the overflow direction is affected by different fundamentals. We mainly focus on volatility in extreme environments. As shown in Figure 6b, the SFP had a spillover effect on EPU in quite a few periods, while the CFP had less of a spillover effect on EPU. Less than 25% of China is self-sufficient in terms of soybeans (Li J. et al., 2017; Li N. et al., 2017); thus, soybean prices are vulnerable to the influence of importing countries. Therefore, China adjusted its economic policy to respond to the SFP changes, which explains why EPU is more affected by the SFP. In comparison, China’s wheat self-sufficiency rate exceeds 95%, which is not easily disturbed by external risks and will not cause EPU fluctuations, which is consistent with our empirical results.

[image: Graphs depicting various correlation patterns between economic and environmental indicators over time. Panels (a), (b), and (c) show different combinations of EPU, COP, CEP, WEP, SEP, and other indices from 2010 to 2020. Each graph highlights fluctuations and trends specific to each indicator pair with corresponding time labels on the x-axis.]

FIGURE 6
 Dynamic net pairwise directional connectedness. (a) 50th quantile. (b) 10th quantile. (c) 90th quantile.




6.4 Robustness test

This paper further applies four different robustness tests to ensure the validity of empirical results, including altering estimating method, adding other variables, replacing variables, and changing forecast horizon and rolling window size.


6.4.1 Altering estimating method

This paper employs quantile Granger causality test (Mayer et al., 2025), as an alternative method to QVAR, to investigate the relationship among EPU, COP, SFP, CFP, WFP and COFP under different quantiles. This method reveals the predictive ability of explanatory variables for response variables by assisting in the identification of particular quantile ranges where causal linkages between the variables hold (Chen and Sun, 2023). To ensure comparability, we select three representative quantiles—0.1, 0.5, and 0.9—for analysis. The results, summarized in Table 5, indicate the presence of significant causal linkages in most cases, with the magnitude of coefficients increasing at the extreme quantiles (0.1 and 0.9). These findings align with the baseline results, suggesting stronger inter-variable connections and offering a solid foundation for following spillover analysis.


TABLE 5 Quantile Granger causality.


	Quantile
	Paired causalities

 

 	Panel A EPU → Agricultural commodity market


 	 	EPU
⇏
SFP 	EPU
⇏
CFP 	EPU
⇏
WFP 	EPU
⇏
COFP


 	
τ
=0.1 	0.022** 	0.018*** 	0.058*** 	0.045***


 	
τ
=0.5 	0.017** 	0.004* 	0.002 	0.007*


 	
τ
=0.9 	0.053** 	0.013** 	0.073*** 	0.026**


 	Panel B COP → Agricultural commodity market


 	 	COP
⇏
SFP 	COP
⇏
CFP 	COP
⇏
WFP 	COP
⇏
COFP


 	
τ
=0.1 	0.013* 	0.013* 	0.048** 	0.076***


 	
τ
=0.5 	0.092** 	0.029* 	0.025 	0.067**


 	
τ
=0.9 	0.101*** 	0.064*** 	0.057** 	0.101***


 	Panel C Agricultural commodity market → EPU


 	 	SFP
⇏
EPU 	CFP
⇏
EPU 	WFP
⇏
EPU 	COFP
⇏
EPU


 	
τ
=0.1 	0.532** 	1.069** 	0.362** 	0.872***


 	
τ
=0.5 	0.170* 	0.049 	0.164* 	0.537**


 	
τ
=0.9 	0.585** 	1.044** 	0.706*** 	0.828***


 	Panel D Agricultural commodity market → EPU


 	 	SFP
⇏
COP 	CFP
⇏
COP 	WFP
⇏
COP 	COFP
⇏
COP


 	
τ
=0.1 	0.359*** 	0.315** 	0.116* 	0.398***


 	
τ
=0.5 	0.421*** 	0.205 	0.101 	0.409***


 	
τ
=0.9 	0.595*** 	0.705*** 	0.229*** 	0.611***


 	Panel EPU → COP


 	 	EPU
⇏
COP 	COP
⇏
EPU 	 	


 	
τ
=0.1 	0.016*** 	0.087*** 	 	


 	
τ
=0.5 	0.005* 	0.018 	 	


 	
τ
=0.9 	0.013*** 	0.201* 	 	





***, ** and * denote significance at 1, 5 and 10% levels, respectively. 
⇏
 indicates the hypothesis that there is no Granger causality.
 



6.4.2 Adding other variables

Building on the characteristics of agricultural commodity and energy markets, and drawing on Karkowska and Urjasz (2024) as well as Awartani and Maghyereh (2025), this study further incorporates geopolitical risk (GPR) and the US dollar index (USI) into QVAR framework across different quantiles. The proposed model, specified as Model (1), is presented in Table 6. For simplicity and clarity, only the NET index is reported to determine whether a variable functions as a net transmitter or receiver in spillover system. The results show that EPU and COP were net receivers of information spillovers across all quantiles, with spillover effects intensifying at extreme quantiles. These findings align with the baseline results and demonstrate robustness.


TABLE 6 Robustness tests for NET index.


	Variable
	EPU
	COP
	SFP
	CFP
	WFP
	COFP

 

 	Panel A 
τ
=0.1


 	Model (1) 	−7.89 	−7.32 	4.41 	4.35 	2.26 	4.19


 	Model (2) 	−10.41 	−9.71 	7.14 	6.40 	1.54 	5.04


 	Model (3) 	−12.57 	−17.77 	13.87 	4.65 	2.09 	9.73


 	Panel B 
τ
=0.5


 	Model (1) 	−4.56 	−5.44 	13.93 	1.94 	1.87 	−7.77


 	Model (2) 	−2.75 	−3.58 	6.30 	1.67 	0.87 	−2.51


 	Model (3) 	−2.46 	−6.97 	10.90 	2.06 	0.66 	−4.19


 	Panel C 
τ
=0.9


 	Model (1) 	−14.05 	−11.73 	15.00 	2.49 	3.34 	4.95


 	Model (2) 	−12.61 	−15.49 	10.72 	7.92 	4.40 	5.06


 	Model (3) 	−9.76 	−13.65 	14.26 	5.00 	1.15 	4.00




 



6.4.3 Replacing variables

To confirm the validity of our results, we replace several variables, including the EPU and COP. Following Iregui et al. (2025), who note that West Texas Intermediate (WTI) serves as the benchmark oil price for most crude oil produced or sold in the U.S and represents another global benchmark alongside Brent crude, this study employs COP* as an alternative oil price measure. Meanwhile, drawing on Wang (2024), we adopt a new EPU* index in terms of mainland Chinese newspapers—namely, Renmin Daily and Guangming Daily—instead of the South China Morning Post from Hong Kong. Model (2) presents the new QVAR framework, and the corresponding results are displayed in Table 6. These updated results indicate that the net effects (NET) of both EPU and COP remain negative and increase in magnitude at extreme quantiles, in line with the baseline results, confirming the validity of our findings.



6.4.4 Changing forecast horizon and rolling window size

This work, following Liu X. et al. (2023), performs a sensitivity analysis to investigate if the empirical results are influenced by different choices of rolling window size and prediction horizon in order to further validate the dependability of our findings. In the baseline specification, the rolling window and forecast horizon are set to 100 and 10, respectively. For robustness, we re-estimate the model using extended settings—specifically, a rolling window of 150 and a forecast horizon of 15. The new QVAR model, denoted as Model (3), is presented in Table 6. The findings demonstrate that the NET index’s behavior and magnitude are mostly in line with what was achieved with the original setup, confirming the reliability of our conclusions.





7 Discussion

This paper draws some important conclusions, which provides implications for multiple participants. First, considering the receiving role of EPU, as policy maker and implementer, government should take effective measures. China must optimize and diversify its import structure for energy and agricultural products to reduce reliance on a single source. Additionally, prioritizing energy security and food security is essential; this can be accomplished by creating new agriculture and energy technologies. Furthermore, the government should carefully evaluate the necessity of policy adjustments, grounded in long-term development strategies and the need for macroeconomic stability, to minimize frequent and significant changes to policies and systems. Second, considering the different roles of commodity markets, investors should can better choose and adjust their investment strategies and establish a reasonable asset allocation system in the process of portfolio investment in the financial market. When a portfolio includes both energy and agriculture, the different correlation between COP and AFP may affect the diversification effect of the portfolio, thereby affecting its returns. This is especially crucial when there is financial instability, since investors should pay close attention to the dangers of market spillover, treating spillover effects as a significant factor influencing portfolio returns for more effective risk management. Last, the spillover among COP, AFP, and EPU exhibits dynamics, especially during extreme events where the risk correlation increases. Thus, corporate and institutional investors should set up new risk prevention principle of “too interconnected to fail,” rather than “too big to fail.” Corporate risk management should establish a risk control framework and a risk warning network to identify the categories of risks that trigger the warning mechanisms, especially for significant incidents.



8 Conclusion and policy implications

The study utilized the quantile connectedness approach to estimate the spillover effects among EPU, the COP, and the AFP to quantify the association structure and time-varying properties. The empirical findings indicate that in extreme cases, total spillovers increase sharply. The CFP and WFP are the main transmitters in the lower quantile, while EPU and the COP are the main receivers in the upper and lower quantiles. Under different economic fundamentals, the spillover effects among the variables will also change. In turbulent times, EPU, the COFP and the CFP have the strongest interconnection, and the COP is closely related to all agricultural commodity prices, while the normal market is the COP and SFP, and the prosperous times are the COP and WFP. In the time-varying analysis, EPU is the receiver of information in a negative market. Compared with the upper and middle quantiles, the lower quantiles have the most volatile net spillovers.

This paper’s innovation lies in its inaugural integration of EPU into the theoretical framework of COP and AFP volatility, thereby enhancing the understanding of volatility spillover among these variables. It expands the research landscape by focusing on developing countries characterized by large populations and susceptibility to fluctuations in both AFP and international COP. Furthermore, this study transcends conventional analyses of connectivity among COP, EPU, and AFP by employing a model that accounts for average shocks, revealing distinct and more comprehensive interactions and contagion effects in extreme market conditions. Additionally, this paper places a greater emphasis on practical significance by connecting empirical findings from various stakeholders, including government entities, investors, and organizations, across different domains such as quantile analysis and temporal factors.

This paper provides recommendations for policy-makers and investors. First, the government should improve the agricultural commodity market monitoring and early warning mechanism to manage the impact of the sharp COP fluctuations. Sensitive policy interventions will help stabilize commodity prices and provide appropriate and efficient response measures in the event of a major emergency. According to different economic fundamentals (positive, negative and normal markets), policy-makers should decide whether to adopt economic policy interventions and agricultural subsidy systems to protect investors and farmers from the adverse effects of price volatility. In a relatively calm economic environment, macroeconomic policy formulation needs to be more cautious, as external shocks might compromise the effectiveness of these interventions. Second, investors in oil and agricultural markets should not only focus on intermarket shocks, but risk spillovers between markets are also important. When managing risk and designing an optimal portfolio strategy, investors should pay attention to the connectivity between commodities. They should also adjust their asset-allocation strategies according to different economic environments to protect their own interests. Especially in extreme markets in which the economy is highly uncertain, prudent risk-management tools need to be strengthened. Additionally, investors should focus especially on the agricultural commodities utilized to produce alternative energy when crude oil prices are fluctuating. Third, international organizations should formulate reasonable energy strategies to stabilize crude oil prices within a reasonable range. For example, OPEC can take production-reduction measures to prevent oil prices from plummeting. The International Energy Agency should establish strategic oil reserves and strengthen collaboration between oil importers and exporters. Moreover, international organizations should coordinate the economic and oil policies of countries, improve the global oil production and transportation cooperation action system, and stabilize international relations to ensure the stable supply of crude oil.

The assessment of agricultural commodity futures prices, derived from the Chicago Board of Trade and the New York Futures Exchange, may be biased due to limitations in data availability and authority, particularly regarding China’s influence. The EPU index was created using just newspapers from the Chinese mainland, overlooking the evaluation of foreign media perspectives. Future studies should aim to develop a more comprehensive EPU index that includes both domestic and international news sources. Additionally, as China seeks to enhance its commodity market, leveraging mature data becomes essential once the market size reaches a certain threshold. Expanding the research to include comparisons with other countries, both developed and developing, as well as oil-exporting and importing nations, could provide valuable insights into differences in energy and agriculture markets.
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