
Vol.:(0123456789)

Asia-Pacific Financial Markets
https://doi.org/10.1007/s10690-024-09458-7

1 3

ORIGINAL RESEARCH

From Fields to Futures: Connectedness Among Edible Oil 
and Oilseeds‑ Where Soybean Leads, Others Follow

Nilotpal Sarma1   · Priyanshu Tiwari2   · Prabina Rajib1

Accepted: 1 April 2024 
© The Author(s), under exclusive licence to Springer Japan KK, part of Springer Nature 2024

Abstract
The primary purpose of this paper is to analyze the connectedness between edible 
oils and oilseeds from various international commodity markets and the U.S. Eco-
nomic Policy Uncertainty Index (EPU). The TVP-VAR method has been adopted in 
this paper to analyze the inter-commodity connectedness and spillover relationships 
among them. We also study how the effect on the price of one edible oil or oilseed 
affects other edible oils in the international markets. For this purpose, daily clos-
ing prices of near-month contracts of 6 edible oil commodities and the Economic 
Policy Uncertainty (EPU) index have been considered for a period that starts from 
January 2013 to April 2023. Results show a moderate level of connectedness among 
the edible oil and oilseed commodities; however, connectedness increases during 
times of economic or geopolitical crisis. Results also show that soybean is the most 
dominant commodity in the edible oil and oilseed commodity nexus, and rapeseed 
meal is the commodity with the lowest transmission power.

Keywords  TVP-VAR · Connectedness · Edible oils · EPU · Soybean

JEL Classification  C32 · G13 · F47 · Q14 · Q18

 *	 Nilotpal Sarma 
	 nilotpalsarma62@gmail.com

	 Priyanshu Tiwari 
	 priyanshutiwari.12001@gmail.com

	 Prabina Rajib 
	 prabina@vgsom.iitkgp.ac.in

1	 Vinod Gupta School of Management, Indian Institute of Technology (IIT) Kharagpur, 
Kharagpur, West Bengal, India

2	 Indian Institute of Technology (IIT) Kanpur, Kanpur, Uttar Pradesh, India

http://orcid.org/0000-0003-4439-7997
http://orcid.org/0009-0007-8917-4689
http://crossmark.crossref.org/dialog/?doi=10.1007/s10690-024-09458-7&domain=pdf


	 N. Sarma et al.

1 3

1  Introduction

The global economy is inherently interconnected, and its various facets are sub-
ject to a complex web of influences. Agricultural commodities, especially, have 
seen unparalleled interconnectedness in this recent financialization period. Simul-
taneously, it has created an increased interest in learning more about how those 
commodities interact. Among these commodities, edible oils are essential for 
global food security and economic stability. Understanding the dynamics of vola-
tilities of edible oils is paramount in today’s interconnected world. Volatility in 
agricultural commodities impacts not only the farm revenue but also the consum-
ers’ disposable income. Price volatility increases uncertainty in agricultural mar-
kets, leading to food emergencies, political conflicts, and higher levels of poverty 
(Umar et al., 2021; Wright, 2011). Similarly, Roache (2010) found price volatility 
in agricultural commodities to have an adverse effect on the balance of payments, 
imports and exports, government budget and inflation.

On the other hand, Economic Policy Uncertainty (EPU) has garnered sig-
nificant scholarly interest in the field of economics, notably in the aftermath of 
the financial crisis in 2008. EPU is a multifaceted construct that captures the 
uncertainty surrounding government policies and their potential impact on the 
broader economy. Researchers have extensively studied its ramifications, as it is 
believed to significantly influence various economic indicators, including invest-
ment, employment, and consumption (Baker et  al., 2016). It is generally noted 
that changes in economic policy, whether at the domestic or international level, 
may significantly impact commodities markets. Empirical evidence suggests that 
shifts in government policies can lead to price fluctuations, disruptions in sup-
ply chains, and increased market volatility (Hung, 2021; Su et  al., 2023). In an 
era characterized by globalization, policies enacted in one country can have far-
reaching consequences for markets and consumers worldwide. Understanding 
these dynamics is crucial for market participants, policymakers, and researchers. 
Second, we seek to equip ourselves with enhanced tools to measure the volatilities 
introduced by new economic policy approaches and discern their impacts on the 
edible oils market. Edible oils are fundamental components of diets worldwide. 
They are utilized for cooking and producing various food products, making their 
prices and availability vital for global food security. Moreover, with the develop-
ment of the biofuel and biodiesel industry, the price of edible oil has become 
more susceptible to the volatility of the overall economy. Also the volatility in the 
price of commodities can have a substantial impact on the emergence of greener 
energy in a country (Kaur et al., 2023a, 2023b). Hence, understanding these link-
ages is pivotal for policymakers, traders, and consumers to anticipate and manage 
market fluctuations effectively. Nevertheless, the commodity sector of the edible 
oil market has been lacking in comprehensive industrial and academic research. 
The volatility in the price of edible oil and oilseeds has the capacity to make 
the stakeholders of the agricultural and food product market more susceptible, 
leading to significant strain. Therefore, it is crucial for farmers and policymak-
ers to improve their understanding of the interconnectedness between edible oils 
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and oilseeds in order to successfully implement various policy initiatives aimed 
at maintaining stable prices and ensuring food security.

This research paper delves into the intricate relationship between the edible 
oils from diverse international commodity markets and the U.S. Economic Policy 
Uncertainty Index (USEPU). Subsequently, this study investigates the role of each 
commodity as a transmitter or receiver of volatility in the overall market, as well 
as their impact on the volatility of other commodities. The goal is to analyze the 
connectedness and spillover relationships among these commodities and analyze the 
effects on hedging and risk management. This paper aims to answer the following 
research questions. Firstly, how do changes in the price of one type of edible oil or 
oilseed affect other edible oils in international commodity markets? Secondly, how 
do economic policy changes introduced in multiple countries, with the United States 
as a prominent example, impact the prices and volatilities of edible oils?

To answer the above research questions, a Time-Varying parameters Vector 
Autoregression (TVP-VAR) model (Antonakakis et al., 2020) and the connectedness 
approach developed by Diebold and Yilmaz (2012), Diebold and Yılmaz (2014) 
have been employed. The use of the TVP-VAR approach effectively addresses the 
limitations of conventional VAR models that rely on variance decomposition to 
measure connectedness (Antonakakis et al., 2020).

This study sets itself apart from existing literature in two distinct manners. Previ-
ous studies have mostly concentrated on examining the interconnectedness between 
food grains and crude oil in order to get insights into the inter-sectoral connection. 
This work makes a valuable contribution to the existing body of knowledge by 
examining the interrelationship between edible oil, oilseeds and Economic Policy 
Uncertainty. Additionally, this study considers the edible oil and oilseed commod-
ity contracts based on trading volume in exchanges across the globe rather than just 
focusing on the Chicago Mercantile Exchange (CME) of the United States.

The analysis finds that a moderate degree of connectedness exists between the 
variables; however, it exhibits an upward trend during periods of economic or geo-
political turmoil. The findings also indicate that soybean holds the highest level of 
dominance within the edible oil and oilseed commodity network, whereas rapeseed 
meal exhibits the lowest transmission power among the commodities.

The remaining part of the paper is organized as follows: Sect. 2 reviews the exist-
ing literature on connectedness among different asset classes. Section 3 provides the 
details of the dataset and methodology used for the analysis. Section 4 explains the 
empirical analysis and results, Sect. 5 presents the practical implications, and finally, 
Sect. 6 concludes the paper.

2 � Literature Review

The literature review in this paper is divided into three sub-sections. The first sub-
Sect.  2.1, explains the literature related to agricultural commodity markets, sub-
Sect. 2.2 presents previous studies on economic policy uncertainty, and sub-Sect. 2.3 
explains a few fundamental studies on connectedness and spillover in financial mar-
kets. All three sub-sections are presented one after another as follows:
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2.1 � Connectedness and Spillover Among Agricultural Commodities

Numerous scholarly works have elucidated the volatility spillovers among agri-
cultural commodities and have addressed whether commodities constitute a uni-
fied asset class or are distinct. One of the first studies in agricultural economics, 
conducted by Anderson (1985), found that seasonality predicts a consistent pattern 
of price variation in nine American grain and edible oil and livestock futures mar-
kets that include wheat, soybean, soybean oil, corn, cattle and cocoa. Pindyck and 
Rotemberg (1990) were two of the pioneers who argued in favour of the co-move-
ment of prices of unrelated commodities. In recent times, research on co-movement, 
connectedness and commodity spillover has increased multiple times. Steen and 
Gjolberg (2013) referred to financialization and proved that following 2004, there 
was an increase in the interdependence of commodity markets with the stock mar-
ket, and after 2008, the interrelationship between commodities became even higher. 
On the other hand, Musunuru (2014) shows that Wheat and corn prices fluctuate in 
tandem and show notable resilience to shocks. Similarly (Grieb, 2015) discovered 
recently that information about price innovations for one commodity is transmit-
ted to other commodities. By employing the GARCH-M model, the authors show 
that corn was the most dominant commodity, transmitting and receiving the high-
est price and volatility spillovers. Similarly, Mensi et  al. (2014) investigated the 
dynamic spillovers between energy and cereal commodity prices, providing insights 
into the interdependencies within the commodity markets.

However, a small number of studies provided contradictory results. Cheval-
lier and Ielpo (2013) found that compared to other asset classes, commodities have 
weaker volatility spillovers. In specific, the lowest spillovers are seen in agricultural 
commodities among the overall commodity markets. Similarly, Vivian and Wohar 
(2012) used the GARCH(1,1) model to prove that commodities are disintegrated and 
their prices do not move together. Moreover, Gardebroek et al. (2016) looked at the 
cross-market dependency of corn, wheat, and soybeans and found that agricultural 
markets are not interdependent.

2.2 � U.S. Economic Policy Uncertainty (US EPU) Index

The U.S. Economic Policy Uncertainty (US EPU) index is a widely recognized eco-
nomic indicator that measures the level of uncertainty regarding economic policy 
in the United States. It quantifies the uncertainty associated with fiscal, monetary, 
and trade policies and has been the subject of extensive research in economics and 
finance. This seminal paper by Baker et  al. (2016) introduces the US EPU index 
and provides a detailed methodology for its construction. It discusses the impor-
tance of measuring economic policy uncertainty and its impact on various eco-
nomic variables, including investment, employment, and GDP growth. Bloomb-
erg’s research explores the consequences of economic policy uncertainty, focusing 
on the adverse effects of uncertainty shocks on investment and economic activity. 
It emphasizes the relevance of the US EPU index in understanding these dynam-
ics (Bloom, 2009). This study by Jurado et al. (2015) examines different measures 
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of economic uncertainty, including the US EPU index, and provides insights into 
their construction and interpretation. It highlights the role of uncertainty in driving 
economic outcomes. Similarly, the study undertaken by Kaur et al., (2023a, 2023b) 
involved a comprehensive literature research aimed at synthesizing existing research 
on the relationship between macroeconomic variables and economic growth in the 
BRIC nations. Hassan et al. (2019) utilize the US EPU index as a critical component 
in analyzing firm-level political risk. They show how economic policy uncertainty 
can impact firms’ investment decisions and operational strategies. Leduc and Liu 
(2016) explore the link between economic policy uncertainty and aggregate demand 
shocks, providing insights into how changes in policy uncertainty can affect macro-
economic outcomes. Ludvigson et al. (2021) investigated whether economic policy 
uncertainty acts as an exogenous impulse or an endogenous response to business 
cycle fluctuations, contributing to the debate on causality. Similarly, this paper by 
Bachmann et al. (2013) investigates the relationship between economic uncertainty, 
as captured by the US EPU index and other measures, and economic activity using 
business survey data.

2.3 � Connectedness in Financial Markets

Dynamic connectedness refers to the time-varying interdependencies and spillover 
effects between different financial markets, assets, or economic variables. Under-
standing dynamic connectedness is crucial for risk management, portfolio diver-
sification, and assessing the stability of financial systems. Diebold et  al. (2009) 
introduced a framework for measuring and visualizing spillover effects in financial 
markets using a VAR-BEKK model. They apply this methodology to study global 
equity markets’ interconnectedness. This paper by Diebold and Yilmaz (2012) pro-
poses a new metric for directional connectedness, allowing researchers to assess 
whether markets are net transmitters or receivers of volatility spillovers. Bartram 
and Bodnar (2009) studied the global financial crisis of 2008/2009 and examined the 
interconnectedness and contagion effects across international equity markets, high-
lighting the importance of dynamic connectedness during crises. In a similar direc-
tion, the cointegration of stock market across the BRICS nations was examined by 
Aggarwal and Raja (2019) who identified a long-term cointegration among the four 
markets. Billio et  al. (2012) developed econometric connectedness and systemic 
risk measures, focusing on the finance and insurance sectors. They provide valuable 
tools for assessing interconnectedness in these industries. Bubák et al. (2011) inves-
tigate volatility transmission in emerging European foreign exchange markets, shed-
ding light on the dynamics of spillover effects among currencies. Moreover, Dim-
itriou and Kenourgios (2013) explored the dynamic linkages among international 
currencies during financial crises, revealing how these linkages evolve. In summary, 
dynamic connectedness in financial markets has become a crucial area of research 
for understanding how shocks and events propagate across asset classes, regions, 
and time periods. Researchers have developed and applied various methodologies 
to financial assets, providing valuable insights into the evolving nature of financial 
market interdependencies.
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3 � Data and Methodology

This section is divided into two sub-sections. Section 3.1 explains the data used in 
this paper, presents the descriptive statistics, and shows the time-series plots of all 
seven variables. Section 3.2 explains the methodology and economic models used in 
the paper in detail.

3.1 � Data

Daily last trading prices of near-month contracts of 6 edible oil commodities have 
been considered for this study along with the Economic Policy Uncertainty (EPU) 
index. The study period starts from 04 January 2013 to 04 April 2023. Edible oil 
and oilseeds futures trading at the Chicago Board of Trade (CBOT), Intercontinen-
tal Exchange (ICE), Zhengzhou Commodity Exchange (ZCE) and Bursa Malaysia 
Berhad (BMD) have been selected for the analysis. The seven variables included 
in the paper are soy oil, crude palm oil (CPO), canola, soybean, soymeal, rapeseed 
meal and US-EPU index. All the datasets used in this paper have been collected 
from Bloomberg Terminal. Dates with data points for all seven variables have been 
considered for the study, and there is a total of 2247 observations for each variable. 
To mitigate the limitations of non-stationarity in the dataset, the entire dataset has 
been transformed into the first natural log difference, which can be interpreted as a 
daily return series. The daily time-series plots of the variables are shown in Fig. 1. 
Moreover, Table 1 shows the descriptive statistics of the variables. The optimal lag 
length of 1 is given by AIC, BIC and HQIC (Appendix 1).

0

500

1000

1500

2000

2500

Time Series Plot of Variables 

Soybean Oil CPO Canola Soybean

Soybean Meal Rapeseed Meal EPU

Fig. 1   Time-series plot of the variables



1 3

From Fields to Futures: Connectedness Among Edible Oil and…

3.2 � Methodology

The TVP-VAR method given by Antonakakis et  al. (2020) has been adopted in 
this paper to measure return connectedness among the variables. This method is 
an improved version of connectedness measures proposed by Diebold and Yilmaz 
(2012), Diebold and Yılmaz (2014) in two ways: the DY method is not deemed 
perfect as the result of this operation is sensitive to the setting of an arbitrary 
rolling window and can lose valuable observations in the process. However, the 
TVP-VAR methodology avoids the problem of arbitrary rolling windows and loss 
of observations by adjusting to the events immediately. This methodology allows 
the variance–covariance matrix to vary via a Kalman filter estimation with forget-
ting factors, which helps in capturing the possible variability of the underlying 
dataset.

Given that our datasets encompass varied economic situations over several 
time periods, it is expected that the mean and variance of each time series will 
vary over time. Therefore, we believe that employing the TVP-VAR methodology 
with a variance–covariance structure would be a suitable approach.

We are estimating a TVP-VAR (1) as suggested by AIC, HQIC and SBIC 
(appendix 1) which can be outlined as follows:

In this context, we have vectors yt and rt−1 , which are sized m × 1 and mq × 1, 
respectively. The parameter �t−1 encompasses all available information up to time 
t—1. Both Vt and Vit are matrices, with dimensions m × mq and m × m, respec-
tively. Additionally, the error term �t is an m × 1 vector, and �t is a vector with 
dimensions mq × 1. The variance–covariance matrices �t and �t vary with time 
and have dimensions m × m and m2q × m2q , respectively. It is worth noting that 
vec

(
Vt

)
 represents the vectorization of Vt and has dimensions m2q × 1.

(1)yt = Vtrt−1 + �t�t|�t−1 ∼ N(0, �t)

(2)vec
(
Vt

)
= vec

(
Vt−1

)
+ �t�t|�t−1 ∼ N(0, �t)

Table 1   Descriptive & summary statistics

‘*’Confirms significance at 1%

Soy Oil CPO Canola Soybean Soy Meal Rap Meal EPU

Mean  − 0.00004  − 0.00009 0.00003  − 0.00003  − 0.00006  − 0.00005  − 0.00038
Median 0.00030  − 0.00028  − 0.00028  − 0.00075 0.00000  − 0.00030  − 0.00830
Std. Dev 0.01581 0.01964 0.01458 0.01477 0.01961 0.01939 0.50829
Kurtosis 5.16522 8.16021 7.96151 7.57076 15.86707 27.51411 2.23770
Skewness 0.52317 0.65296 0.57460 1.07040 1.65511 0.75776 0.16720
Minimum  − 0.07341  − 0.10515  − 0.10643  − 0.07327  − 0.10316  − 0.21022  − 2.90386
Maximum 0.14452 0.19582 0.14212 0.11092 0.18586 0.25930 3.21562
Jarque Bera 2600.37* 6394.08* 6058.13* 5795.32* 24,597.30* 71,091.63* 479.28*

Count 2247 2247 2247 2247 2247 2247 2247
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To calculate the generalized impulse response functions (GIRF) and general-
ized forecast error variance decompositions (GFEVD) developed by Koop et al. 
(1996) and Pesaran and Shin (1998), TVP-VAR is transformed to its vector mov-
ing average (VMA) representation based on the Wold theorem.

where Ajt is an m × m matrix.
We derive the GFEVD ( �ij,t(H) ) representing the pairwise directional connect-

edness from j to i, illustrating the influence that variable j exerts on variable i in 
terms of its contribution to forecast variance. To ensure comparability, these vari-
ance shares are then standardized by summing them across all rows, effectively 
demonstrating that all variables collectively account for 100 percent of variable 
i’s forecast error variance. The GFEVD is computed as follows:

The numerator is the cumulative effect of a shock in variable i, whereas the 
denominator is the cumulative effect of all the shocks.

The next stage involves the computation of the total connectedness index. This 
equation elucidates the manner in which a disturbance in one variable spills over 
to other variables. By employing GFEVD, the total connectedness index is deter-
mined as follows:

The above equation is extended to study directional connectedness; we will 
divide it into three components: total directional connectedness to others, total 
directional connectedness from others, and net total directional connectedness.

Total directional connectedness TO others calculates the shock variable i 
transmits to all other variables j, and it is defined as:

Secondly, we calculate directional connectedness FROM others that calculates 
the shocks variable i receives from other variables j.

(3)yt = yt = Vtrt−1 + �t =

∞∑

j=0

Ajt�t−j + �t

(4)�
∼

ij,t
(H) =

∑H−1

t=1
�
2
ij,t

∑m

j=1

∑H−1

t=1
�
2
ij,t

(5)where,

n∑

j=1

�
∼

ij,t
(H) = 1and

n∑

i,j=1

�
∼

ij,t
(H) = m

(6)Ct(H) =

∑m

i,j=1,i≠j
�
∼
ij,t
(H)

∑m

i,j=1
�
∼
ij,t
(H)

∗ 100 =

∑m

i,j=1,i≠j
�
∼
ij,t
(H)

m
∗ 100

(7)Ci→j,t(H) =

∑m

i,j=1,i≠j
�
∼
ji,t
(H)

∑m

i,j=1
�
∼
ji,t
(H)

∗ 100
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Finally, net total directional connectedness is obtained by subtracting the “total 
directional connectedness FROM others” Eq. (8) from “total directional connected-
ness TO others” Eq. (7)

Equation 9 unveils the extent to which variable i exerts influence on the analyzed 
network. Consequently, when Ci,t is positive, it indicates that variable i holds greater 
influence over the network compared to how much it is influenced by others. Con-
versely, when C

i,t
 is negative, it suggests that variable i is primarily influenced by the 

network rather than being a significant influencer itself.
To delve deeper into the bidirectional relationships within the network, we break 

down the net total directional connectedness by calculating the net pairwise direc-
tional connectedness, as illustrated in the following equation.

If NPDCij(H) is negative, this infers that i is dominated by j, whereas if 
NPDCij(H) is positive, it describes that i dominates j.

4 � Empirical Analysis and Results

We begin our analysis by accounting for the directional spillover between the vola-
tility series of the variables considered in Table 2. Column-wise, each of the values 
except the diagonal elements represents the individual spillover from one variable 
to another variable. Thus, the sum of these depicts the contribution to others. At the 
same time, the values row-wise define the contribution received by a variable by 

(8)Ci←j,t(H) =

∑m

i,j=1,i≠j
�
∼
ij,t
(H)

∑m

i,j=1
�
∼
ij,t
(H)

∗ 100

(9)Ci,t = Ci→j,t(H) − Ci←j,t(H)

(10)NPDCij(H) =

(
�
∼

jit
(H) − �

∼

ijt
(H)

)
∗ 100

Table 2   Connectedness table

Soy Oil CPO Canola Soybean Soy Meal Rap Meal EPU FROM

Soy Oil 53.84 10.14 14.99 14.59 3.4 1.61 1.42 46.16
CPO 16.29 64.63 6.96 5.44 2.61 2.25 1.82 35.37
Canola 15.19 4.63 52.91 15.62 8.63 1.83 1.19 47.09
Soybean 11.95 2.58 13.07 42.98 26.31 1.86 1.24 57.02
Soy Meal 3.34 1.65 8.44 31.24 51.71 2.19 1.42 48.29
Rap Meal 3.62 2.55 4.42 7.91 6.56 73.32 1.61 26.68
EPU 2.16 2.18 2.1 2.29 2.33 2.03 86.91 13.09
TO 52.56 23.73 49.98 77.09 49.84 11.78 8.71 273.7
Inc.Own 106.4 88.36 102.89 120.07 101.55 85.1 95.62 TCI
NET 6.4  − 11.64 2.89 20.07 1.55  − 14.9  − 4.38 45.62
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others individually. This also sums up the contributions of others. Definitively, “con-
tributions to others” account for the total contribution of shocks of an asset to other 
assets, while the reverse is the case for “contributions from others”. Specifically, the 
spillover table is like the input–output as it unravels how shocks are transmitted and 
absorbed within the system. The values diagonally are noted as their shocks to and 
from assets. The net spillovers reveal the market that is receiving (or giving) more 
shocks than it gives (receives) from other assets. Intuitively, this is calculated by 
subtracting “contributions from others” from “contributions to others”. A positive 
value depicts that the assets in question spill shocks to other assets than they receive, 
while the reverse indicates that the assets in question are more vulnerable to shocks 
from the other markets.

4.1 � Dynamic Total Connectedness

Total Connectedness Index (TCI) reveals the total spillovers transmitted among the 
considered assets. It is calculated by expressing the sum of contributions from others 
(or the sum of contributions to others) as a percentage of the sum of contributions, 
including own. The time-varying total connectedness index is illustrated in Fig. 2. 
The figure shows that the total connectedness index fluctuates between 20 to 60%, 
and a few clear spikes are visible in Fig. 2, portraying different crisis and uncertainty 
periods such as the Syrian civil war, shell oil shocks, Covid-19 pandemic, Russia-
Ukraine war etc. Connectedness level reached the highest during the covid-19 pan-
demic, depicted by a sharp spike. The findings align with prior research conducted 
by Belcaid et al. (2023), So et al. (2021), which demonstrated the fast and dynamic 
transmission of financial contagion during the COVID-19 epidemic and the Russia-
Ukraine conflict. Next, we turn our attention to Table 2, which represents the full 
sample return connectedness of log-returns of the six commodities and Economic 
policy uncertainty.

Fig. 2   Total Connectedness index



1 3

From Fields to Futures: Connectedness Among Edible Oil and…

The last value of the last row and last column represents the total connectedness 
index (TCI) value, which is 45.62%, meaning that nearly 45.62 per cent of the total 
variance of forecast errors for seven variables in the system is explained by spillover 
shocks across the network, and the rest 54.38% of the total variance is explicated by 
the idiosyncratic industry or commodity-category specific shocks. In general, this 
observation suggests a moderate level of interconnectedness between the returns of 
edible oil and oilseeds. Upon examination of the individual commodities, it becomes 
evident that soybean, soyoil, and canola emerge as significant transmitters of distur-
bance that impact the returns of other commodities within the network. These com-
modities exhibit transmission rates of 77.09%, 52.56%, and 49.98%, respectively. 
The aspect of net directional connectedness and net pairwise directional connected-
ness, which represents those variables that are net transmitters and net receivers of 
shocks throughout the network, are explained in sub-ìs. 4.2 and 4.3, respectively.

4.2 � Net Directional Connectedness

This sub-section explains the time-varying net directional connectedness of each 
variable to show the net contribution of each variable to the system. A positive net 
directional connectedness in the connectedness table, also depicted by a shaded area 
on the upper side of the graph, indicates that the variable transmits more shocks to 
the system than it receives from the system. Hence, the variable is called a net trans-
mitter. On the other hand, negative directional connectedness indicates a variable as 
a net receiver of shocks.

From Fig. 3, it is pretty evident that soybean and soybean oil are positive most of 
the time and CPO and rapeseed meal are negative most of the time. A net connected-
ness value of 20.07 also proves the same that soybean is a very strong net transmitter 
of shocks to other variables in the system. The reverse is true for CPO and rape-
seed meal; it remained mostly in the negative zone throughout the period except for 
very few short positive spikes, thus represented by -11.64 and -14.09 net directional 

Fig. 3   Net directional connectedness
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connectedness values. Canola, Soyoil, and Soymeal are also net transmitters of 
shocks, but as compared to soybeans, these three are much lower in magnitude. EPU, 
which is a news-based uncertainty index, also turns out to be a net receiver of shocks.

4.3 � Net‑Pairwise Directional Connectedness

In this sub-section, net pairwise directional connectedness between the seven variables 
is explored. Net pairwise directional connectedness plots are drawn in Fig. 4, and fur-
ther, the network plot in Fig. 5 explains the relationship between each pair of variables.

The blue colour nodes represent a net transmitter of shocks, and the yellow colour 
nodes represent a net receiver of shocks. Moreover, the degree of transmission of 
shocks is represented by the thickness of the edges. Soybean is a net transmitter to 
every other variable in the system, however the relationship with EPU is very insig-
nificant. The most it transmits its shock to soymeal and rapeseed meal followed by 
soyoil, canola and CPO. Rapeseed meal is the net receiver of shocks from soybean, 
soymeal, soy oil and canola, making rapeseed the highest receiver of shocks. Simi-
larly, CPO receives shocks from canola, soybean and soy oil, which makes it the 
second-largest net receiver of shocks. These relationships complement the results 
shown by the net total connectedness in Sect. 4.2.

5 � Practical Implications

Understanding the dynamic connectedness between edible oils and oilseeds markets 
has potential policy implications. Policymakers can benefit from insights into how 
their connectedness and spillover in the futures market affect food prices and access 
to essential commodities. These results are expected to enable more informed poli-
cymaking in international trade and food security. We ascribe the bidirectional spill-
over of returns between EPU and edible oil commodities, which offers a pragmatic 

Fig. 4   Net-Pairwise directional connectedness
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method for policymakers to oversee and control agricultural prices. Closing the 
research gap by analyzing the relationship between edible oils markets and EPU can 
provide a more comprehensive understanding of how economic policy uncertainty 
affects global food commodity prices, contributing to better risk management, pol-
icy formulation and food security strategies.

6 � Conclusion

This paper explores the dynamics of connectedness and spillover network among 
six edible oil commodities and the Economic Policy Uncertainty (EPU) index. The 
selected edible oil and oilseed commodities are soybean, soy meal, soy oil, canola, 
CPO, and rapeseed meal. The whole sample period is from January 2013 to April 
2023. The period of increased demand for commodities and the subsequent signifi-
cant decline in prices due to the COVID-19 pandemic, again a dramatic increase 
during the Russia-Ukraine War, were followed by an unprecedented surge in foreign 
investor involvement in the commodity markets.

The empirical findings of our study may be succinctly described as follows: 
First, we calculate the Total Connectedness Index (TCI) by employing Time-Var-
ying Vector Autoregression (TVP-VAR) methods. The total connectedness index 
shows a moderate level of connectedness with a TCI value of 45.62%. Besides, the 
results show that the total connectedness increases during crisis periods such as the 
COVID-19 pandemic and geopolitical crises like the Russia-Ukraine war. Empirical 
evidence also shows soybean is the most dominant commodity in the oil and oilseed 
market, with a massive net spillover value of 20.07, followed by soy oil. Rapeseed 

Fig. 5   Network plot of net pairwise directional connectedness
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meal is the largest receiver of shocks with a value of negative 14.9, followed by 
CPO with a negative 11.64 and EPU with 4.38.

In summary, it can be inferred that there are notable dependent patterns regarding 
the transmission of information across the edible oil and oilseed commodity mar-
kets. These findings have substantial implications for portfolio managers, investors, 
and government agencies. In light of these findings, it is imperative to implement 
policies that effectively address the issue of food inflation and its impact on farmers’ 
income.

7 � Appendix

7.1 � Lag‑order selection criteria

Sample:04 jan 2013 to 04 April 2023 Number of obs. 2,243

Lag LL LR df p FPE AIC HQIC SBIC

0 37,925.2 8.4e–23 −33.805 −33.794 −33.775
1 38,074 297.62 36 0.000 7.6e–23* −33.906* −33.861* −33.784*
2 38,098 47.963 36 0.088 7.7e–23 −33.895 −33.817 −33.681
3 38,123.1 50.152 36 0.059 7.7e–23 −33.885 −33.774 −33.580
4 38,152.9 59.631* 36 0.008 7.8e–23 −33.880 −33.735 −33.482

•optimal lag

7.2 � Connectedness To Others
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7.3 � Connectedness From Others
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