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Abstract
The Baltic Dry Index (BDI) is a unique gauge for measuring the marine transportation of major dry bulk shipments. 
Increased sea freight is a precursor to the increase in economic activities. The volumes of sea trade and freight rates 
are influenced by import–export dynamics and changes in commodity prices. So, levels of commodity prices are 
monitored to gain insight into the anticipated demand for bulk shipments. In this study, the causality-in-quantiles 
(CiQ) model is used to model the causal relationship between BDI spot values and spot price of major dry bulk com-
modities like iron ore, aluminum, copper, agricultural products by considering 12 years of daily data. CiQ model is 
superior compared to other linear causality models as it helps in capturing the asymmetry and nonlinearity in cau-
sality based on different quantiles or market conditions i.e., bearish, normal, and bullish market conditions. Also, it 
captures the causality-in-mean as well as variance and helps in exploring the causal relationship in returns as well 
as volatility transmission between BDI and commodity prices. The finding of the paper throws interesting light on 
the asymmetric relationship between BDI and commodity prices- commodity prices are causing BDI in all market 
conditions, but the influence is stronger in normal periods than bearish and bullish periods. The causality from com-
modity to BDI follows a common pattern across most of the commodities. However, the effect of BDI on commodities 
considerably varies across the range of commodities and across market conditions. So, this model provides a plethora 
of information that will help commodity market participants to hedge the risk of variations in commodity price and 
freight rates effectively.

Keywords Commodity · BDI · Quantiles · Price · Freight · Causality

Introduction

Seaborne trade constitutes 90% of global trade. Almost all 
bulk transport of metal and mining raw materials, fertiliz-
ers, crude oil, and refined finished products, agri-prod-
ucts, finished manufactured goods, etc., are transported 
through shipping. In fact, according to the International 
Chamber of Shipping (2019) report, there are about 
50,000 merchant ships registered in over 150 countries 
and operated by millions of seafarers representing an 

equal number of countries. According to the UNCTAD 
(2019) Review of Maritime Transport report, dry bulk 
cargo constitutes about 30% of total global trade. Baltic 
Dry Index (BDI) is the composite index based on daily 
freight rates quoted for major sea routes for dry bulk com-
modities and is an important barometer of the volume of 
worldwide trade, manufacturing activity as well as global 
demand for industrial commodities and finished manufac-
tured products. BDI and demand for raw materials and 
primary goods tend to comove, as during the period of 
economic growth, the demand for raw materials increases 
resulting in higher transportation volume and higher BDI 
rates. On the other side, demand for raw materials reduces 
during a financial slowdown, thus affecting global trade 
volume and simultaneously impacting BDI rates (Radelet 
and Sachs1998; Stopford 2003; Kilian 2009; Geman and 
Smith 2012; Papailias et al. 2017; Lin et al. 2019).
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Studies by Haigh and Bryant (2000), Yu et al. (2007), 
Poulakidas and Joutz (2009), Kavussanos et al. (2010, 
2014), Bakshi et al.(2011), Raza et al. (2018a), Sun et al. 
(2020), Apergis and Payne (2013), Chou et al.(2015), and 
Tsioumas and Papadimitriou (2018) have either explored 
lead-lag relationship, volatility spillover among freight 
rates/freight rate indexes and commodity prices or mod-
eled the predictive content of freight rates/freight rate 
indexes on a wide array of financial and macro-economic 
parameters such as stock market returns, the interest rate 
of short-term and long-term bonds, major bulks and oil 
price, etc. As a common theme, studies mentioned above 
explore the relationship between different types of freight 
rates/freight indexes with different commodity prices over 
a sufficiently long period, but do not segregate the time 
period based on different market conditions i.e., bullish, 
bearish, or normal market, and fail to identify the asymme-
try in the relationship between freight rates and commod-
ity prices. Very few studies such as (Koch 2014; Bildirici 
et al. 2015) have explored the relationship between freight 
rates and commodity prices in different market conditions. 
Using a multinomial logit model framework, Koch (2014) 
analyzed extreme energy price changes, in the 10% dis-
tribution tails, during the 2006–2012 boom-bust period. 
Bildirici et al. (2015) modeled BDI and economic growth 
for the USA using the Markov-switching Granger-causal-
ity model in three different regimes i.e., crisis, moderate 
growth, and high growth period.

As evident from existing research, though the rela-
tionship between commodity prices and BDI has been 
studied to some extent, how the relationship changes 
during extreme market conditions has remained under 
focus. Commodity prices and the BDI, like any finan-
cial or macroeconomic time series, are affected by 
structural changes in the economy/business cycle and 
are frequently accompanied by abnormally high or low 
periods, thus making it challenging to capture the under-
lying dynamics using linear models. Nonlinear models, 
especially quantile-based models, are effective in ana-
lyzing the dynamics in extreme market conditions as 
lower (higher) quantiles of the sample distribution can 
be intuitively linked to a bearish (bullish) market sce-
nario. Hence, the objective of this study is to explore 

the heterogeneous relationship between commodity spot 
prices and BDI in a bearish, normal, and bullish market 
scenario. The study uses nonparametric causality-in-
quantiles (CiQ approach henceforth) by Balcilar et al. 
(2016a) to identify the causal relationship between BDI 
and commodity prices in different quantiles.

The insights from this study can help exporters and 
importers of bulk commodities to monitor the dynamic rela-
tionship between commodity price and shipping freight rates 
and accordingly decide when it is relatively convenient for 
the business to export or import dry bulks. Simultaneously, 
the research findings will help shipbrokers to offer competi-
tive charter rates considering the prevailing commodity mar-
ket conditions. It advances the knowledge of freight market 
dynamics and commodity prices, while at the same moment 
supporting decision-making processes in dry bulk chartering 
and commodity trading through better hedging and invest-
ment procedures.

The rest of the paper is organized as follows: a short over-
view of the BDI is provided in Sect. 2. Section 3 provides a 
concise evaluation of the literature. The methodology of the 
assessment is discussed in Sect. 4. Section 5 mentions the 
stochastic characteristics of the variables. Section 6 presents 
the empirical outcomes. The conclusion and policy implica-
tions are finally presented in Sect. 7.

Baltic Dry Index

The Baltic Dry Index traces back its origin to the Baltic 
Coffee House where sailors gathered to negotiate the freight 
rates. The index was officially launched in 1985. Each work-
ing day a panel of international shipbrokers submits an 
assessment of the current freight cost for various sea routes1 
to the Baltic Exchange. BDI is a composite index which 
derives its value from 3 subindices i.e., the Baltic Cape-
size Index (BCI), Baltic Panamax Index (BPI), and Baltic 
Supramax Index (BSI).

Economic indicators such as unemployment rate, infla-
tion, and oil prices can be manipulated or influenced by 
governments and speculators, however, BDI is difficult to 
manipulate because it is driven by clear forces of supply 
and demand.

Baltic Dry Index (BDI) calculation formula

BDI = (Baltic Capesize TCavg × 0.4) + (Baltic Panamax TCavg × 0.3) + (Baltic Supramax TCavg × 0.3) ∗ 0.10

TCavg = time charter average

1 The representative routes have to be large enough in volume with 
respect to the overall market. At present, 22 routes are assessed on 
a daily basis. Details of the routes are available at https:// www. balti 
cexch ange. com/

https://www.balticexchange.com/
https://www.balticexchange.com/
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(Source: Baltic Exchange, 2019) https:// www. balti cexch 
ange. com/ market- infor mation/ indic es/ BDI/

Supramax, Panamax, and Capesize, etc. indicate the 
size of the cargo ships measured by deadweight tonnage 
(DWt). Deadweight is the weight of cargo alone and does 
not include the weight of the ship. All these cargo ships nor-
mally take the voyage on different sea routes. For example, 
Capesize is the largest vessel so these cannot pass through 
the Panama or Suez Canal, takes a voyage through the Cape 
of Good Hope. Panamax ships are the largest ones to pass 
through the Panama Canal. Interestingly these vessels are 
also designated for transporting different types of bulk com-
modities. For example, Panamax and Capesize ships nor-
mally carry iron ore and coal. Grains and minor dry bulks 
commodities such as cotton, corn, soybean, etc., are trans-
ported using Supramax vessels.

The BDI values have been plotted in Fig. 1. Since its 
introduction in 1985, from the value of 1000, the BDI 
reached the highest level of 11,793 on 20-May-2008 but 
dropped by 94% on 5-Dec-2008 to 663 points coinciding 
with the period of the 2008 subprime crisis.

Historically, BDI has experienced significant volatility 
during major economic events such as the US stock market 
crisis in 1987, the 1999 dot-com bubble burst, and the 2008 
financial crisis.2 In all these crises, commodity prices have 
also been affected, indicating a plausible causal relationship 
between BDI and commodity prices.

As BDI is the composite index based on daily freight 
rates quoted for major sea routes, it essentially reflects the 
supply–demand situation in the market for major dry bulk 
commodities. Higher economic activities lead to greater 
demand for commodities, consequently leading to higher 
commodity prices and higher BDI rates. Similarly, a decline 
in economic activities reduces demand for commodities as 
well as demand for freight transport as shipbrokers compete 
for the lesser tonnage of the consignment. Though research 
studies have used other economic indicators such as oil 
prices, inflation, and unemployment rate, BDI is considered 

to be a better indicator as it cannot be manipulated by specu-
lators. The scope of speculation in BDI is negligible as only 
member firms/panelists (international ship-broking firms3) 
registered with the Baltic exchange provide the quotes. 
Bildirici et al. (2015) articulates this aspect and mentions 
that “economic indicators such as unemployment rate, infla-
tion, and oil prices that can be manipulated or influenced by 
governments and speculators, however, Baltic Dry Index is 
difficult to manipulate because it is driven by clear forces 
of supply and demand. One of the reasons for BDI to be 
difficult to manipulate and influence is the number of ships 
around the world is limited up to a certain extent therefore 
in order to manipulate and increase the supply, more ships 
need to be built which will be very costly.”

Literature review

The BDI and its relationship with various macro-economic 
parameters have been explored by various researchers. There 
are mainly three broad areas of research on BDI namely, BDI 
as an indicator of economic growth and stock market perfor-
mance, BDI as a predictor of various economic parameters, 
and the relationship between BDI and commodity markets.

BDI, as an indicator of economic growth and stock mar-
ket performance, has been explored by many researchers. 
(Radelet and Sachs 1998; Stopford 2003; Kilian 2009; Bildi-
rici 2016) have identified a positive relationship between 
the shipping of raw materials, industrial production, and 
economic growth. Kilian (2009) has used a structural VAR 
model to develop a global real economic activity index from 
dry cargo shipping rate, known as Kilian index and it is 
treated as a good indicator of business cycles in the global 
economy. Radelet and Sachs (1998) also observed that a 
country’s economic prosperity has a significant association 
with its closeness to a seaport. They concluded a clear link-
age between the shipping industry growth and economic 

Fig. 1  Historical values of BDI 
(1985 to 2018
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2 https:// www. newyo rker. com/ busin ess/ curre ncy/ the- surpr ising- relev 
ance- of- the- baltic- dry- index

3 A total of 13 international shipbroking firms provide a quotation for 
the Capsize index while 22 firms provide quotes for Capesize index. 
More details are available at http:// www. imsf. info/ media/ 1039/ mar-
ket- indic es- calcu latio ns- etc. pdf

https://www.balticexchange.com/market-information/indices/BDI/
https://www.balticexchange.com/market-information/indices/BDI/
https://www.newyorker.com/business/currency/the-surprising-relevance-of-the-baltic-dry-index
https://www.newyorker.com/business/currency/the-surprising-relevance-of-the-baltic-dry-index
http://www.imsf.info/media/1039/market-indices-calculations-etc.pdf
http://www.imsf.info/media/1039/market-indices-calculations-etc.pdf
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output, using a regression model. Alizadeh and Muradoglu 
(2014) analyzed the effect of BDI using regression and the 
EGARCH model over the sample period 1989–2013 on US 
stock market returns as well as 28 countries’ stock market 
indices. The study concluded that freight rates could be used 
for the prediction of stock market returns globally. Zuccollo 
(2014) has extensively studied the association of BDI and 
various indices of the Johannesburg Stock exchange (JSE) 
like mining, top 40, mid-cap, small-cap, and industry-spe-
cific indices. The study identified a high correlation between 
BDI and the mining index in a lag period of 36 months, 
which supports the fact that the magnitude of the Mining 
industry is relatively high in South Africa. Further, they per-
formed an ARIMA regression on BDI and JSE All Share 
indices (ALSI) and found long-term causality from BDI to 
ALSI. The study concluded that BDI is statistically signifi-
cant as a leading economic indicator in the South African 
economy. Bakshi et al. (2011) have also identified that the 
BDI growth rate has predictive power for equity and com-
modity market changes in a global context. Using the sam-
ple and out-of-sample regressions, they have concluded that 
the predictive ability is robust in the presence of alterna-
tive predictors such as MSCI World Index returns. Bildi-
rici et al. (2015) identified that BDI influences economic 
growth positively in a high growth regime. Oomen (2012) 
also studied the predictive power of BDI using the regres-
sion model and concluded that BDI is a better predictor for 
stock market returns compared to other common predictors. 
However, this paper also finds that the results are significant 
in the period before 2008 and performed poorly in the period 
from 2008–2011. Lin and Sim (2013) identified strong posi-
tive co-movement between BDI and trade volume of China, 
India, Brazil, Russia, and Australia.

Contrary to the positive relationship indicated by the 
above research studies, few other studies have reported 
otherwise. Graham et al. (2016) identified that the relation 
between BDI and the equity market returns is applicable for 
emerging markets only. Developed market returns are not 
affected by the BDI, except for the USA. Similarly, Lin and 
Sim (2013) identified that reduction in BDI has a positive 
effect on trade and income of the Least Developed Coun-
tries (LDC) in Africa, Asia, and Latin America, etc. Bal-
tyn (2016) applied the Bry-Boschan research algorithm to 
mark the turning points in BDI and USA GDP, but could 
not find any significant leading indicator role of BDI for the 
US economy.

Many researchers have studied the predictive property 
of BDI on various economic aspects. Bakshi et.al. (2011) 
mention that BDI is most useful as a predictor in the Indus-
trial Raw material sector. Through panel regression stud-
ies, they identified that BDI is a good predictor for stock 
and commodity markets jointly. Oomen (2012) studied the 
predictive ability of BDI for 23 developed countries and 25 

undeveloped countries and 10 different industry sectors for 
a sample period from 1985–2011. The regression analysis 
identified that BDI serves as an efficient predictor in the 
global technology, telecommunications, and consumer ser-
vices areas. The predictive results have been found valid 
both in the long as wells as short-term. Jurun et al (2015) 
find a strong positive correlation between annual BDI val-
ues and performance excellence indicators measured by the 
adjusted Altman z-score for maritime companies. Apergis 
and Payne (2013) analyzed the information and predictive 
content of BDI on a wide array of financial assets and mac-
roeconomic parameters such as stock market returns, the 
interest rate of short-term and long-term bonds, commodity 
prices, and oil price. Chou (2008) used the VARMA model 
and identified the predictive capability of BCI for the Asian 
steel index (ASI). Giannarakis et al. (2017) studied the 
effect of BDI on the Dow Jones Sustainability Index World 
(DJSIW) and identified the positive influence of shipping 
freight rates on DJSIW.

The third aspect is related to the relationship between 
BDI and commodity markets. Various studies have analyzed 
the relationship between BDI and demand for various bulk 
commodities traded internationally. Lun et al. (2010) iden-
tified that the most fundamental driver of BDI variation is 
the demand for the shipment of commodities. If there is a 
lack of optimism in the market regarding economic growth, 
producers decrease the production level, and the commodity 
demand also falls, which results in a drop in freight rates. 
Various studies such as Radelet and Sachs (1998), Klov-
land (2002), Stopford (2003), Kilian (2009), Boubaker and 
Raza (2017) have supported this relationship between raw 
material demand and economic growth. Radelet and Sachs 
(1998) concluded from a regression model that manufactur-
ing goods export for countries with lower shipping freight 
costs had grown rapidly from 1965 to 1990. Bakshi et al. 
(2011) studied the predictive ability of BDI on Moody’s 
Commodity Index, Reuter’s commodity index, and CRB 
spot index and found a statistically significant relationship. 
Further, the test was repeated on foodgrain and industrial 
raw material subindexes, but the coefficient for food index 
failed to be statistically significant. Based on the signifi-
cance level, they conduced that BDI is a better predictor for 
industrial raw material prices as compared to food grain. 
Poulakidas and Joutz (2009) identified a lead-lag relation-
ship between oil prices and West African–US Gulf Tanker 
rates. Kavussanos et al. (2010) paper explore the cross-
market connections between commodity futures contracts 
on the goods transported by Panamax vessels and forward 
freight agreements (FFAs) and indicates significant spillo-
ver effect between freight and commodity derivatives mar-
kets. As an extension to the 2010 paper, Kavussanos et al. 
(2014) investigated spillovers between freight and commod-
ity derivatives markets by using high-frequency data on 
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commodities and freight rates of different vessels with port-
folios (baskets) of commodities that these vessels carry and 
reported that new information appears first in the returns 
and volatilities of the commodities futures markets before 
it is spilled over into the freight derivatives markets. Tsiou-
mas and Papadimitriou (2018) paper explored the lead-lag 
relationship between the freight rates and prices of “major 
bulks” such as coal, iron ore, and wheat using Granger cau-
sality tests and impulse response analysis. They reported a 
bidirectional relationship for coal and iron ore, unlike wheat 
price which leads to BPI. Using two hypothetical countries, 
Ready et al. (2017) mentioned that BDI, as a proxy for trade 
costs, can forecast carry trade returns, and carry trade prof-
its are high when transportation cost/BDI is high. Dale and 
Ulvund (2018) used a regression model between foreign 
exchange rates and BDI and find that an increase in BDI 
leads to increase in forwarding premium and carry trade 
profits in subsequent days, except for JPY/USD. Haigh and 
Bryant (2000) have identified the linkage between barge 
and ocean freight prices on international grain market price 
while Chou et al. (2015) modeled the predictive capability 
of the BCI for Asian steel index (ASI). Tsouknidis (2016) 
identified intra-industry volatility spillover for shipping 
freight markets and also identified co-movement of BCI, 
BPI, BSI, and BHSI (Baltic Handysize Index). Tsioumas 
and Papadimitriou (2015) employed VAR–Granger cau-
sality tests and identified bi-directional causality between 
Chinese steel production and freight rates. Some studies 
indicate this causal link between BDI and commodities 
has a sufficient impact on the pricing of products. Kavus-
sanos and Nomikos (2003) studied the causal relationship 
between the spot and futures market for freight rates. The 
study identified that future price is efficient in price discov-
ery for freight rates, and it has long-term causality on spot 
prices. In an extended study, Kavussanos et al. (2014) ana-
lyzed high-frequency data for 2006–2009 of FFA and com-
modity future prices for six commodities traded in the Chi-
cago Board of Trade (CBOT). They employed the VECM 
framework and concluded that new information appears in 
the commodity futures market, and gets spilled over to the 
freight futures market. Kärrlander (2010) studied a 2-step 
regression of stock market returns on metals such as zinc, 
nickel, copper, and found BDI to be significant only for cop-
per. Further, the study highlighted a statistically significant 
correlation between BDI and the MSCI metals and mining 
index. Jung (2015) studied the reason for the collapse of 
BDI in 2008. The study explored the effect of spot price 
and volume of iron ore, coal, grains on BDI using multivari-
ate linear regression analysis. It concluded that commodity 
spot prices are not responsible for the collapse of BDI in 
2008. Tsioumas and Papadimitriou (2018) have studied the 
lead-lag relationship between Chinese steel production and 
Baltic Exchange indices from 1999 to 2014. The study has 

applied VAR-Granger causality and identified the signifi-
cant bi-directional causality between steel productions and 
BCI. Papailias et al. (2017) studied the effect of BDI on 
trades of 13 representative countries and found a consider-
able permanent effect on Australia, Brazil, China, Russia, 
and the USA, as they are major exporters of iron ore, coal, 
corn, and tin. The study also identified significant coinci-
dence with BDI annual percent change and price of copper, 
coal, tin, crude oil, iron ore, and cotton and used these com-
modities individually to review the forecasting performance 
for BDI. The results have been compared with the bench-
mark AR (1) model and identified that beyond a 1-month 
horizon Iron and Coal model outperforms the benchmark 
model in forecasting BDI. Ruan et al. (2016) studied cross-
correlation between BDI and Crude oil prices and identified 
cross-correlation is strongly persistent in the short term and 
weakly anti-persistent in the long-term, which is attribut-
able to volatility and fat-tailed distributions. Wårell (2014) 
has identified that volatility in the freight rates market trig-
gers price regime change, and iron ore prices are cointe-
grated with freight rates and GDP growth in China. Lin 
et al. (2019) used a VAR-BEKK-GARCH-X model to study 
the relationship between BDI and equity, commodity, and 
currency markets. The study concludes that BDI is a short-
term indicator and identified the spillover effect in the crisis 
period. Melas and Michail (2021) studied the relationship 
between commodity price and different dry bulk shipment 
charter rates and identified a lead-lag relationship, whereby 
the study suggests that freight rates adjust to falling com-
modity prices. Angelopoulos et al. (2020) identified a strong 
economic relationship from commodity to freight markets 
with commodity markets reacting faster to new informa-
tion and transferring it to freight markets. In another study, 
Michail and Melas (2020) study highlight that quantity of 
seaborne trade also impacts BDI.

Studies discussed above either model BDI’s relationship 
with economic growth and commodity prices or explore the 
predictive power of BDI as a leading economic indicator. 
However, most of the studies are based on linear models and 
fail to capture the presence of asymmetry in the relationship. 
Like most variables, BDI and commodity prices are also 
subject to various economic conditions and so it is hypoth-
esized that their relationship should behave differently in dif-
ferent market conditions. Most of the earlier research works 
have used either regression models or Granger causality 
models to explore the relationship with BDI, but the pres-
ence of asymmetric aspect in the relationship gets missed 
out in this process.

In this paper, initially, a modified version of the Granger 
causality test proposed by Toda and Yamamoto (1995) 
has been used to investigate the linear model of causal-
ity. Further, the nonparametric CiQ, developed by Balcilar 
et al. (2016a) is applied to examine the causal relationship 
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between BDI and commodity prices. CiQ model being 
nonparametric also helps in analyzing the causality-in-var-
iance, i.e., high-order dependencies. (Balcilar et al. 2017a, 
b, c, 2018) for which the CiQ model is gaining popularity 
recently (Shahbaz et al. 2017; Raza et al. 2018b; Jena et al. 
2019). Linear causality test using Toda-Yamamoto method 
of Granger causality test and CiQ model are discussed in 
detail in next section.

Methodology

The objective of this study is to explore the dynamics of the 
relationship between BDI and commodity prices. Most of the 
studies have discussed the relationship using linear models, 
whereby effectively ruling out the presence of heterogeneity 
in a relationship. In reality, the behavior of commodity price 
and shipping freight rates during normal economic conditions 
would be vastly different from its behavior during periods of 
economic crisis or boom. As the CiQ model helps in unrave-
ling the non-linear causal relationship (Balcinar et al. 2017b, 
2017c; Raza et al. 2018b) between two variables in different 
quantiles representing the bearish, normal and bullish market 
situation, the paper uses CiQ methodology developed by Bal-
cilar et al. (2016a).

The methodology adopted in this study follows a 
sequential approach, whereby the linear causal rela-
tionship between the variables is explored first, fol-
lowed by tests of nonlinearity. On the indication of 
existence of nonlinearity in the variables, the CiQ 
model is implemented. The main objective of this 
study is to observe CiQ, however, for the sake of 
completeness and comparability, the linear model of 
Toda–Yamamoto causality is evaluated between each 
commodity and BDI. Section 4.1 and Sect. 4.2 briefly 
discuss the two methods.

Linear causality test: Toda‑Yamamoto method 
of Granger causality test

The linear causal relationship between commodity prices 
and BDI has been studied using the (Toda and Yamamoto 
1995) approach of Granger causality tests. This approach 
is relatively more efficient as it can be applied to any order 
of integration of the variables, whereas the Granger causal-
ity test requires the same order of integration. Also, unlike 
Granger causality, it is not required to validate the cointe-
gration relationship before detecting a causal relationship. 
Hence, it helps in eliminating the bias associated with the 
unit root test.

In this approach, a vector autoregressive (VAR) model 
is estimated between BDI and commodity prices at level 
(p = k + dmax) where k is the lag order of the VAR model 

with minimum AIC and d represents maximum order of 
integration of the time series which added as extra lag to 
compensate the loss of degrees of freedom of the model. 
The modified Wald (MWALD) statistics is used to study 
the causality between the dependent and independent 
variables.

To apply the Toda-Yamamoto causality test, we summarize 
the BDI-commodity price relationship model in the following 
VAR system:

where Y1 and Y2 are the two variables under consideration 
i.e., BDI and commodity price, � ’s are the parameters and 
� ’s are the errors.

In the last step, the Wald test is applied on the coefficients 
of the lags to determine the causality between the two vari-
ables, as follows:

Rejection of the null hypothesis in Eq. 2 means Y1 causes 
Y2 i.e., lagged values of Y1 can predict Y2 . Similarly, if Eq. 3 
is rejected, it means causality running from Y2 to Y1.

Causality–in–quantiles model

As already mentioned, the CiQ model of Balcilar et al. 
(2016a) is beneficial for analyzing the relationship 
between two variables in quantiles, however, the inherent 
assumption is the presence of asymmetry and the relation-
ship between the variables has potential reasons to deviate 
from a linear model. As such, the presence of nonlinearity 
is tested through the BDS test and subsequently, the CiQ 
model is analyzed. Section 4.2.1 explains the method-
ology of the BDS test and Sect. 4.2.2 presents the CiQ 
model.

BDS test for nonlinearity

In order to check the nonlinearity of the BDI-commodity 
returns relationship we perform the Broock et al. (1996) 
BDS nonlinearity test on the residuals of BDI-commodity 
pair regression. The null hypothesis of the BDS test is that 
the residuals are independent and identically distributed. Let 
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 ei be the time series of regression residuals with N-observa-
tions. The embedding dimensions are in Eq. 4:

Further, the correlation integral is calculated to measure 
the spatial correlation between the points, by combining the 
number of pair of points (i,j), where 1 ≤ i ≤ N and 1 ≤ j ≤ N, 
in the m-dimensional space within a radius or tolerance of 
ε of each other. The correlation integral is given in Eq. 5:

where, Ii,j,� = 1if
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− em
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|
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≤ �

 = 0 otherwise.
Under the null hypothesis, the likelihood of the distance 

between a pair of points being less or equal to ε should be 
constant. Brock et al. (1996) defined that if the time series 
is independent and identically distributed:

If the ratio of N/m > 200 and the values of m are 
between 2 and 5 then, the difference [C�,m −

(
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)m
] has 

an asymptotic normal distribution with zero mean and a 
variance V�,m defined as
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The BDS test statistic is stated as in Eq. 8:

It is a two-tailed test and the null hypothesis is rejected 
if the test statistic is greater than or less than the critical 
values based on the level of significance.

Causality‑in‑quantiles model (CiQ)

In this paper, we use the nonparametric CiQ model proposed 
by Balcilar et al. (2016a, b). This method evaluates Granger 
causality in specific quantiles between two variables in a 
nonparametric approach. The application of this model helps 
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in the minimization of misspecification error probabilities 
as a nonparametric procedure is used to analyze the struc-
ture of dependence of the variables on each other. Another 
advantage is it also calculates causality in higher moments 
like variance. So, we can measure causality-in-means as well 
as variance. Balcilar et al. (2016a, b) proposed this meth-
odology following Nishiyama et al. (2011) and Jeong et al. 
(2012). The null hypothesis states that xtdoes not causeyt in 
the quantile θ with regards to the lag vectors of y if

So, the alternative hypothesis that xtdoescausesyt in the 
θ quantile is given by

where Q�

(

yt|.
)

 is the θth quantile of yt depending on t and 
0 < 𝜃 < 1

Following Jeong et al. (2012) the Eqs. 9 and 10 can be 
rewritten as follows:
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will have a probability equal to 1. The detail evaluation of 
this hypothesis follows Jeong et al. (2012).

Jeong et al. (2012) used a distance measure represented 
by J, as follows:

where �t is the error term and fZ(Zt−1) is the marginal 
density function of Zt−1 . The error term is generated from 
the expression of the null hypothesis in Eq. 11:
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So, from Eq. 15 it can be observed that J > 0 for the 
alternative hypothesis, but J = 0 only when the null 
hypothesis in Eq. 11 is true. Jeong et al. (2012) have rep-
resented J as feasible Kernel form as follows:

where T denotes the sample size, p represents the lag order; 
h represents the bandwidth for the Kernel function K (.). The 
�̂t can be estimated as

now, Q̂�

(

Yt−1
)

 is the θ th conditional quantile of yt given 
Yt−1 , which can be estimated using a nonparametric kernel 
method as

where,

Is the Nadarya Watson Kernel estimator of 
Fyt|Yt−1

{(

yt|Yt−1
)}

 and L (.) is the kernel function with h 
bandwidth.

Balcilar (2016a) adopted the model of Nishiyama et al. 
(2011) for the CiQ test in second or higher moments. For 
explaining the causality in higher moments, the dependent 
variable yt is defined as follows:

where g(.) and �(.) are unknown functions fulfilling station-
ary conditions. �t is a white noise process. When �(.) is a 
general non-linear function, this specification can be used to 
detect the predictive power from xt to y2

t
 . Hence, the Granger 
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causality-in-variance definition does not require an explicit 
specification of squares for Xt−1 . Hence, following Nishiy-
ama et al. (2011), Eqs. 11 and 12 can be written for higher 
moments as follows:

where k = 1,2,…M. For causality-in-variance k = 2.
So, integrating the entire framework, it can be defined that xt 

Granger causes yt in quantile θ upto the K-th moment utilizing 
Eq. 21. The causality-in-variance test is conducted replacing yt 
in Eq. 13 to Eq. 18 with y2

t
 . Initially, the nonparametric test for 

causality in the first moment or mean is conducted. However, 
rejection of causality doesn’t stop the process, the nonpara-
metric test for the second moment or variance is conducted 
next. The lag length is selected based on Schwarz Information 
Criteria (SIC) under the VAR model of commodity and BDI 
returns. The bandwidth for kernel density estimation has been 
chosen based on the least square cross-validation technique. 
Gaussian type kernels are employed for K(.) and L(.).

Data

Daily spot prices of BDI and 84 commodities representing 
major dry bulk commodities have been considered for this 
study. Historically, BDI has experienced significant volatil-
ity during major economic events such stock market crisis in 
1987, the East Asian crisis in 1997, the 1999 dot-com bubble 
burst, the Latin America debt crisis, and the 2008 financial 
crisis, etc. The study period is from June-2006 to Novem-
ber-2018. Out of the 8 commodities, four commodities i.e., 
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Table 1  Descriptive Statistics Mean Std. dev Min Max Skewness Kurtosis Jarque–Bera Prob #obs

BDI  − 0.0003 0.0279  − 0.2372 0.2314  − 0.1320 14.4758 15,290.13 0.00 2785
Iron ore 0.0001 0.0210  − 0.2778 0.2730  − 0.9859 73.8470 582,899 0.00 2785
Aluminum  − 0.0001 0.0339  − 0.3387 0.3266 0.0519 37.6430 139,267.2 0.00 2785
Coal 0.0000 0.0138  − 0.2436 0.2348  − 0.8977 112.140 1,382,613 0.00 2785
Copper  − 0.0001 0.0532  − 0.3665 0.3222 0.0612 14.0464 14,161.6 0.00 2785
Soybean 0.0001 0.0166  − 0.2331 0.0834  − 1.1407 19.2501 31,246.49 0.00 2785
Wheat 0.0001 0.0487  − 0.4594 0.5070 0.1677 37.2725 136,316.1 0.00 2785
Cotton 0.0002 0.0195  − 0.1050 0.1506 0.0950 6.6619 1560.246 0.00 2785
Corn 0.0002 0.0287  − 0.3083 0.2402  − 0.5955 19.9291 33,421.45 0.00 2785
MSCI world 0.0002 0.0114  − 0.1530 0.0674  − 1.2055 20.6845 36,965.58 0.00 2785

4 MSCI world development index has been modeled as an alternative 
indicator of global economic condition for robustness test.
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iron ore, aluminum, copper, and coal are from the metal and 
mining raw material group while wheat, soybean, cotton, 
and corn are bulk agri-commodities. The commodities have 
been selected as representative of major dry bulk shipments, 
which influences the shipping cost and ultimately the BDI. 
As mentioned earlier, this study covers a time period start-
ing from 2006 to 2018 so as to cover boom and bust periods 
in global trade as well as to capture the heterogeneity in a 
relationship in different quantiles of the data using the condi-
tional quantiles-based model. Some of the papers discussed 
earlier have used daily, monthly, or even quarterly data to 
model the relationship between BDI and other financial and 
macroeconomic parameters. As commodity spot prices, as 
well as BDI, can vary significantly over a short period of 
time, this paper uses daily data to model the relationship. 
The data has been collected from the Bloomberg database. 
All prices are represented in US dollars.

In Table 1, the descriptive statistics for the return series of 
the variables are presented. The JB-test statistics show that 
all return series are non-normal. Aluminum, copper, wheat, 
and cotton returns are positively skewed, and the rest are 

negatively skewed and all commodity return series exhibit 
fat-tail. This justifies the presence of asymmetry and use of 
the CiQ model, as causality in tails will be different than at 
the center for fat-tailed distribution.

In Table 2 the stationarity test results are presented. The 
ADF test results indicate all return series are I (0). Zivot 
and Andrews’s (2002) test statistics indicate the existence of 
structural break with unit root for all commodities and BDI, 
which strengthens the assumption of possible nonlinearity 
in each time series thus amenable to the chosen CiQ model.

Results and discussion

Toda‑Yamamoto causality test results

For the sake of completeness and comparability, the linear 
model of Toda–Yamamoto causality has been undertaken 
between each commodity and BDI (Table 3).

Analysis of panel (a) shows the impact of commodities 
on BDI. It can be observed that out of the eight commodi-
ties only four commodities, i.e., iron ore, coal, soybean, 
and wheat, are causing BDI. Similarly, panel (b), shows the 
impact of BDI on commodity prices and indicates BDI is 
causing iron ore, aluminum, coal, copper, and wheat. Com-
bining the two results, it can be summarized that bidirec-
tional causality exists between BDI and iron ore, coal, wheat 
while unidirectional causality exists between BDI and cop-
per, aluminum, soybean. To explore the presence of nonlin-
earity relationship in BDI and commodity prices, the BDS 
test (Brock et al. 1996) has been used (Table 4).

BDS test is conducted on embedding dimensions from 2 
to 6 on the residuals of BDI and commodity price regression 
residuals. The BDS test statistics indicate that the relation 

Table 2  Unit root test result

Note: * indicates rejection of null hypothesis at 5% significance level

ADF test Zivot-Andrews test Break date

BDI  − 25.718*  − 14.508* 11-Jun-08
Iron ore  − 60.054*  − 18.716* 29-Apr-08
Aluminum  − 81.62*  − 23.53* 20-Feb-09
Coal  − 59.244*  − 21.66* 26-Aug-08
Copper  − 85.197*  − 24.463* 18-Dec-08
Soybean  − 52.052*  − 19.323* 2-Jul-08
Wheat  − 74.77*  − 21.135* 8-Sep-09
Cotton  − 51.688*  − 19.702* 7-Mar-11
Corn  − 65.665*  − 19.984* 26-Jun-08
MSCI world  − 47.62*  − 25.623* 9-Mar-09

Table 3  Toda-Yamamoto causality test result

Note: X denotes no causal relationship; √ denotes causal relationship exists

Panel (a) Panel (b)

Dependent 
variable

Causing variable P-value Causality Dependent variable Causing 
variable

P-value Causality

BDI Iron ore 0.0000 √ Iron ore BDI 0.0001 √
BDI Aluminum 0.2423 X Aluminum BDI 0.0010 √
BDI Coal 0.0000 √ Coal BDI 0.0003 √
BDI Copper 0.4077 X Copper BDI 0.0007 √
BDI Soybean 0.0000 √ Soybean BDI 0.1442 X
BDI Wheat 0.0000 √ Wheat BDI 0.0000 √
BDI Corn 0.4846 X Corn BDI 0.2241 X
BDI Cotton 0.7062 X Cotton BDI 0.6071 X
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Table 4  BDS test for 
nonlinearity

BDI vs Dimension 2 3 4 5 6

Iron ore BDS statistic 0.016706 0.03339 0.046481 0.05115 0.051135
Std. error 0.002739 0.00438 0.005252 0.005516 0.005362
z-statistic 6.099108 7.623779 8.849286 9.272705 9.536479
Prob 0.0000 0.0000 0.0000 0.0000 0.0000

Aluminum BDS statistic 0.034515 0.061774 0.076626 0.084805 0.086069
Std. error 0.002106 0.003348 0.003989 0.004161 0.004017
z-statistic 16.38846 18.45298 19.21002 20.38111 21.42817
Prob 0.0000 0.0000 0.0000 0.0000 0.0000

Coal BDS statistic 0.088632 0.147496 0.177183 0.189393 0.19246
Std. error 0.002924 0.004673 0.005602 0.005882 0.005716
z-statistic 30.31044 31.56311 31.62742 32.19931 33.66814
Prob 0.0000 0.0000 0.0000 0.0000 0.0000

Copper BDS statistic 0.065434 0.123835 0.163889 0.189244 0.203048
Std. error 0.002601 0.004147 0.00496 0.005195 0.005035
z-statistic 25.16069 29.85858 33.04071 36.43065 40.32672
Prob 0.0000 0.0000 0.0000 0.0000 0.0000

Soybean BDS statistic 0.012684 0.026181 0.035431 0.040474 0.041909
Std. error 0.001708 0.002718 0.003241 0.003382 0.003266
z-statistic 7.424688 9.631818 10.93239 11.96615 12.83101
Prob 0.0000 0.0000 0.0000 0.0000 0.0000

Wheat BDS statistic 0.024181 0.046894 0.060935 0.065768 0.06608
Std. error 0.001942 0.003084 0.00367 0.003823 0.003685
z-statistic 12.44853 15.20571 16.60401 17.20338 17.9317
Prob 0.0000 0.0000 0.0000 0.0000 0.0000

Cotton BDS statistic 0.022995 0.044488 0.056686 0.061714 0.062411
Std. error 0.001802 0.002857 0.003396 0.003533 0.003401
z-statistic 12.76213 15.56947 16.69214 17.46835 18.35161
Prob 0.0000 0.0000 0.0000 0.0000 0.0000

Corn BDS statistic 0.029834 0.053836 0.066059 0.070209 0.070756
Std. error 0.001992 0.003166 0.00377 0.003931 0.003792
z-statistic 14.97427 17.00571 17.52088 17.86091 18.65734
Prob 0.0000 0.0000 0.0000 0.0000 0.0000

Fig. 2  Quantile wise market 
condition
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a) Iron Ore on BDI (Mean) b) BDI on Iron Ore (Mean)

c) Iron Ore on BDI (Variance) d) BDI on Iron Ore (Variance)

Fig. 3  CiQ model (BDI vs. iron ore)

a) Aluminum on BDI (Mean) b) BDI on Aluminum (Mean)

c) Aluminum on BDI (Variance) d) BDI on Aluminum (Variance)

Fig. 4  CiQ model (BDI vs. aluminum)
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between BDI and commodity returns is nonlinear. The result 
shows the null hypothesis of linearity has been rejected at a 
1% significance level. Also, there is evidence of a structural 
break in the time series. This means the linear models of 
causality are susceptible to misspecification and should not 
be relied upon. So, the CiQ test for ascertaining the non-
linear relationship has been detailed in the next section.

Causality‑in‑quantile in mean and variance

The CiQ approach identifies causality in all possible market 
conditions, which is advantageous to linear models of cau-
sality which provide an average outcome. The test statistics 
are calculated for all quantiles of the dependent variable. 
Based on the quantiles, the total study period is to be clas-
sified as a bearish period representing lower quantiles (0.1 
to 0.25 quantile), normal period (representing 0.25 to 0.75 
quantiles), and bullish period (representing 0.75 to 0.99 as 
higher quantiles) as depicted in Fig. 2.

The results of CiQ (for both mean and variance) can be 
better interpreted through the graphical output presented 
in Figs. 3, 4, 5, 6, 7, 8, 9, 10. In general, the shape of the 
causality curve indicates its strength. If the curve is hump-
shaped it means that variable-1 causes variable-2 in normal 

market conditions, however in the bearish or bullish market 
condition the causality diminishes. The inverted hump shape 
curve denotes the opposite.

Raw material products: iron ore, aluminum, aoal, 
and copper

Iron ore is the most consumed raw material for industrial 
usage hence the most transported dry bulk commodity. Fig-
3(a) represents causality-in-mean from iron ore to BDI. It can 
be observed that the causality-in-mean of iron ore causing BDI 
remains always above the critical values, which means iron 
ore returns are causing BDI returns. However, the relation-
ship is most prominent under a normal period and gradually 
diminishes in bearish or bullish market conditions. The rela-
tionship is insignificant in extreme bullish markets. Similarly, 
Fig. 3(b) represents CiQ (in-mean) from BDI to iron ore. From 
the analysis of Fig. 3(b), it is evident that BDI returns are caus-
ing iron ore returns at lower quantiles, i.e., strong causality in a 
bearish market and it diminishes from normal to bullish mar-
ket condition. Figures 3(c) and 3(d) models CiQ (in-variance) 
from BDI to Iron ore and from iron ore to BDI, respectively. 
Figure 3(c) indicates the CiQ (in-variance) plot from iron 
ore to BDI, which is significant in all quantiles, but it is most 
prominent in and around mid-quantile and can be interpreted 

a) Coal on BDI (Mean) b) BDI on Coal (Mean)

c) Coal on BDI (Variance) d) BDI on Coal (Variance)

Fig. 5  CiQ model (BDI vs. coal)
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as most prominent at Normal market condition and gradually 
diminishes in bearish and bullish market conditions. Similarly, 
Fig. 3(d) shows CiQ (in-variance) progressively diminishes 
from bearish markets to a bullish market. Hence, it can be 
observed that for iron ore, BDI is an effective predictor in bear-
ish market conditions. Combining the results of all four figures, 
i.e., Fig. 3(a,d), it can be inferred that BDI is a better predictor 
of iron ore in bearish market conditions, while iron ore is influ-
encing BDI in all market conditions, most prominent being 
normal market condition.

The reason may be that iron ore is one of the largest 
transported dry bulk commodities, so if the iron ore mar-
ket is bearish then higher freight cost leading to higher 
BDI would result in more expense for iron ore transporta-
tion, and it will cause higher volatility spillover from BDI 
to iron ore. However, the bullish market has no significant 
impact from freight rates, as higher transportation of raw 
material is a precursor to future economic growth, so the 
bullish effect will be visible in a longer time horizon. The 
discussion on BDI and iron ore can be summarized as 
follows: bidirectional causal relationship in mean, as well 
as variance, exists between iron ore prices and BDI in all 
market conditions. This also indicates feedback loop plays 
an important role in information transmission between the 
iron ore price and BDI.

Similar findings have been observed by Tsioumas and 
Papadimitriou (2018) between iron ore and Capesize 
index, while Angelopoulos et al.(2020) identified unidirec-
tional causality from iron ore prices to freight rates on an 
average level. Gu et al. (2019) also identified that iron ore 
is a key commodity it constitutes the demand side for the 
shipping market, thereby increase in demand of iron ore 
pushes the price as well as BDI. At an overarching level, 
even though the findings of this paper lend support to 
other studies on iron ore and freight rates (Warell (2014), 
Wårell (2018), Ma and Zhen (2020)), but the uniqueness 
of this study emanates from the observed heterogeneous 
relationship between BDI and Iron Ore in different market 
conditions.

Figure 4(a) represents CiQ (in-mean) from aluminum to 
BDI. It can be observed that the causal relationship on con-
ditional mean for aluminum causing BDI always remains 
above the critical values, which means aluminum returns are 
causing BDI returns. Similar to iron ore, the relationship is 
most prominent in the normal market and gradually dimin-
ishes in bearish or bullish market conditions. In Fig. 4(b), it 
can be observed that BDI is causing aluminum returns only 
in bullish markets condition. There is no causality-in-mean 
for bearish and normal market conditions, and volatility 
transfer is also happening in the bullish market (Fig. 4(d)), 

a) Copper on BDI (Mean) b) BDI on Copper (Mean)

c) Copper on BDI (Variance) d) BDI on Copper (Variance)

Fig. 6  CiQ model (BDI vs. copper)
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but it drops subsequently. So, it can be inferred that in the 
normal market condition, the relation between BDI and alu-
minum is unidirectional from aluminum to BDI. However, 
in a bullish market, BDI is causing aluminum.

In Figs. 5(a,c), coal is causing BDI in all quantiles in 
means as well as variance. However, as shown in Fig. 5(b), 
the relationship of BDI causing coal is most prominent 
in the bearish market for mean and it gradually falls in a 
bullish market. The relationship overall is bidirectional. 
For variance, in Fig. 5(d), the causality test statistics are 
very high, both in bearish and bullish market conditions 
but fall in normal markets. The asymmetric relationship is 
attributable to the very high consumption of coal in almost 
all major industries, coal consumption is relatively higher 
in emerging economies, while developed economies to 
prefer phase out of coal consumption due to environmental 
concerns (Lin et  al. 2019). When emerging economies 
face recession, the industrial production is reduced which 
leads to a fall in demand of coal consumption, while in 
bullish markets coal demand raises significantly. So, 
the volatility demand of coal will affect freight rates in 
bearish and bullish markets, thereby leading to volatility 

spillover from coal spot prices. The evidence of a strong 
causal relationship in mean corroborates with the results 
of Angelopoulos et  al. (2020), while Lin et  al. (2019) 
identified that a nonlinear relationship exists between coal 
prices and all kinds of charter rates.

For Copper, in Fig. 6(b), the causality from BDI to 
Copper in returns is only significant in bullish market 
conditions; however, as shown in Fig. 6(d), volatility 
transmission from BDI to copper is significant in all 
markets, except some portion in a bearish market. As 
per Figs.  6(a,c), CiQ (mean), and CiQ (variance) are 
significant, with most prominent in normal market 
conditions. The findings are in line with Guzmán and 
Silva’s (2018) study indicating copper price and stock 
positions being influenced by BDI. Further, Angelopoulos 
et al. (2020) identified that copper prices lead to freight 
rates, whereas Lin et  al. (2019) identified a positive 
relationship between copper price and Handysize and 
Supramax charter rates.

Overall, the demand for iron ore, aluminum, copper, and 
coal are sensitive to the business cycle as the raw materials 
are consumed directly or indirectly by the construction, 

a) Soybean on BDI (Mean) b) BDI on Soybean (Mean)

c) Soybean on BDI (Variance) d) BDI on Soybean (Variance)

Fig. 7  CiQ model (BDI vs. soybean)
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automotive, power, and consumer durable sectors. These 
sectors thrive when the economy is growing, and fall into 
recession when the economy slows (Tilton 2014). Further, 
different developed economies (e.g., USA) and develop-
ing economies (e.g., China) adopt various trade policies 
related to raw materials from time to time, thereby leading 
to the fluctuation in demands owing to policy uncertainty 
which adversely impacts commodity price and freight 
rates. Our results suggest that BDI and raw material prices 
are strongly interrelated in bearish market conditions, in 
line with the outcome of Lin et al. (2019).

Agricultural commodities: wheat, soybean, corn, 
and cotton

For agricultural commodities given in Figs. 7, 8, 9, 10, the 
causal relationship from commodity to BDI remains similar 
to other commodities, however, the causality from BDI to 
commodity is totally different.

For Soybean, in Fig. 7(b), BDI is not causing Soybean 
in mean. Also, as per Fig. 7(d), causality-in-variance is 
also not significant. The results support the findings of 

Xiong and Hu (2021) of a very low correlation between 
BDI and Chinese soybean prices. Michail and Melas 
(2021) also failed to identify strong interaction between 
soybean price and freight rates. For wheat, BDI causes 
wheat return for a small portion in the normal market; 
causality-in-variance is hardly significant in bullish mar-
ket conditions. For corn, in Fig. 9(b), the CiQ is similar 
to wheat; however, causality-in-variance is significant in 
normal to bullish market conditions. For cotton, given in 
Fig. 10(b), the causality-in-mean is significant for very 
small quantiles in a bearish market; the causality-in-var-
iance is similar to corn. So, the agricultural commodities 
are influenced by BDI in normal and bullish markets. The 
results for wheat support the findings of Michail and Melas 
(2020, 2021) for normal market conditions.

Agricultural commodities being perishable in nature 
cannot be stored for long period, thereby agricultural 
commodities are chartered in the spot market and are 
transported in Supramax and Panamax vessels (Kavus-
sanos and Alizadeh-M 2001; Michail and Melas 2021). 
Moreover, certain agricultural commodities display a 
strong substitution effect and seasonality; thereby the 

a) Wheat on BDI (Mean) b) BDI on Wheat (Mean)

c) Wheat on BDI (Variance) d) BDI on Wheat (Variance)

Fig. 8  CiQ model (BDI vs. wheat)
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impact of those commodities prices on freight rates is 
not identical in all market conditions (Angelopoulos 
et al. 2020; Michail and Melas 2021). In this regard, 
the analysis presented in this paper considered various 
quantiles representing different market conditions that 
unravel the heterogeneous relationship between freight 
rates and agricultural commodity prices, which is an 
unique and distinguishable contribution in the extant 
literature.

Robustness test

The CiQ model has been repeated on commodity and 
BDI pairs, with conditional on MSCI world index as 
an alternative indicator of global economic condition. 
It is observed that the results are the same as before 
and there is no change in the shape of the causality 
curves for any of the commodities due to the inclusion 
of the MSCI world index as a control variable. This 
proves that the causality in the quantiles model of BDI 
and commodity spot prices is robust even in presence 
of other macro-economic variables like the MSCI 
world index. The outcome is similar to the results of 
Bakshi et al. (2011).

Result summary

Results of the CiQ tests both at mean and variance level 
are given in Tables 5, 6, 7, 8, 9. In Table 5, unidirectional 
causality indicates commodity returns influence BDI return 
while bidirectional causality indicates when both returns are 
influencing each other.

Results given in Table 5 indicate that for a bearish market 
the relationship in mean and variance is mostly unidirec-
tional while the causality is bidirectional during normal and 
bullish market conditions.

The magnitude of CiQ in mean and variance for the com-
modity to BDI are presented in Tables 6 and 7. It is evident 
from Table 6 and Table 7, that all commodities are causing 
BDI in mean as well as variance, which means there is stable 
information transmission and volatility spillover from com-
modity to BDI.

However, as can be seen from the first-row details in 
Table 6 and Table 7, the information transmission and vol-
atility spillover from iron ore to BDI is lower in extreme 
market conditions i.e., bullish and bearish market while the 
highest information transmission and volatility spillover 
happen in normal market conditions. The same condition 
prevails for all commodities given in Table 6 and Table 7. 
Also, the CiQ in both mean and variance from commodity 
to BDI is high in normal market condition.

a) Corn on BDI (Mean) b) BDI on Corn (Mean)

c) Corn on BDI (Variance) d) BDI on Corn (Variance)

Fig. 9  CiQ model (BDI vs. corn)
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In Table 8 and Table 9, results for information trans-
mission and volatility spillover from BDI to commodities 
are given. Analysis of details given in row-1 and row-3, 
it can be observed that BDI is causing iron ore and coal 
in all market conditions. This result is intuitive because 
iron ore and coal are the major dry bulks in quantity being 
transported through shipment. So, BDI is a leading indi-
cator for iron ore and coal returns and there is significant 
volatility spillover from BDI to iron ore in all market con-
ditions. Results given in row-2 and row-4 indicate that 
BDI is causing returns for aluminum and copper in bull-
ish market conditions. For wheat and corn, the causality 
is significant in normal market conditions. For cotton, it 
is significant in bearish markets. Interestingly BDI has no 
impact on soybean in any market condition.

As shown in Table 8, BDI to commodity CiQ (in-mean) is 
high in bearish market conditions for most of the commodi-
ties. However, BDI is a strong predictor for Aluminum and 
copper in bullish market conditions. It can be also observed 
that BDI is not causing soybean returns in any market condi-
tion, but it is a strong predictor for wheat and corn returns 
in normal market conditions. Further, it can be observed in 
Table 9, volatility spillover from BDI to aluminum, copper, 

and coal is high in bullish market conditions. These com-
modities are major raw materials for power generation and 
industrial production. When the economy is bullish, high 
variance in freight rate can affect significantly the prices of 
raw material shipment, so volatility spillover from freight 
rates or BDI to commodity is significantly high for bullish 
market conditions.

Juxtaposing the results of Tables 6, 7, 8, 9, some interest-
ing observations are:

 i. Commodity returns and volatility have a significantly 
higher influence on BDI in normal market conditions 
as compared to a bearish and bullish market.

 ii. High commodity prices (bullish market) do not neces-
sarily correspond to higher BDI, in fact, the influence 
gets diminished from normal to bullish market condi-
tions.

 iii. BDI returns impacts on different commodities vary 
from one commodity to another. While BDI return is 
causing iron ore and coal in all market conditions, on 
the other hand, BDI return has no influence on soy-
bean return.

a) Co�on on BDI (Mean) b) BDI on Co�on (Mean)

c) Co�on on BDI (Variance) d) BDI on Co�on (Variance)

Fig. 10  CiQ model (BDI vs. cotton)
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Table 5  Summary of causality in quantiles from commodity to BDI

Note: A) For mean: unidirectional: causality from commodity to BDI; 
bidirectional: commodity and BDI causing each other
B) For variance: unidirectional: causality from commodity returns 
to BDI variance; bidirectional: commodity and BDI returns causing 
each other variance

Bearish Normal Bullish

Iron ore Mean Bidirectional Bidirectional Bidirectional
Variance Bidirectional Bidirectional Bidirectional

Aluminum Mean Unidirec-
tional

Unidirec-
tional

Bidirectional

Variance Unidirec-
tional

Bidirectional Bidirectional

Coal Mean Bidirectional Bidirectional Bidirectional
Variance Bidirectional Bidirectional Bidirectional

Copper Mean Unidirec-
tional

Unidirec-
tional

Bidirectional

Variance Unidirec-
tional

Bidirectional Bidirectional

Soybean Mean Unidirec-
tional

Unidirec-
tional

Unidirectional

Variance Unidirec-
tional

Unidirec-
tional

Unidirectional

Wheat Mean Unidirec-
tional

Bidirectional Unidirectional

Variance Unidirec-
tional

Unidirec-
tional

Bidirectional

Corn Mean Unidirec-
tional

Bidirectional Unidirectional

Variance Unidirec-
tional

Bidirectional Bidirectional

Cotton Mean Unidirec-
tional

Bidirectional Unidirectional

Variance Unidirec-
tional

Bidirectional Bidirectional

Table 6  Causality-in-quantiles (mean) commodity to BDI

Note: √ denotes causal relationship exists; high and low indicates 
magnitude of test statistics

Causing 
variable

Depend-
ent vari-
able

Causal-
ity in

Bearish Normal Bullish

Iron ore BDI Mean √ (Low) √ (High) √ (Low)
Aluminum BDI Mean √ (Low) √ (High) √ (Low)
Coal BDI Mean √ (Low) √ (High) √ (Low)
Copper BDI Mean √ (Low) √ (High) √ (Low)
Soybean BDI Mean √ (Low) √ (High) √ (Low)
Wheat BDI Mean √ (Low) √ (High) √ (Low)
Corn BDI Mean √ (Low) √ (High) √ (Low)
Cotton BDI Mean √ (Low) √ (High) √ (Low)

Table 7  Causality-in-quantiles (variance) commodity to BDI

Note: √ denotes causal relationship exists; high and low indicates 
magnitude of test statistics

Causing 
variable

Depend-
ent vari-
able

Causality Bearish Normal Bullish

Iron ore BDI Variance √ (Low) √ (High) √ (Low)
Aluminum BDI Variance √ (Low) √ (High) √ (Low)
Coal BDI Variance √ (Low) √ (High) √ (Low)
Copper BDI Variance √ (Low) √ (High) √ (Low)
Soybean BDI Variance √ (Low) √ (High) √ (Low)
Wheat BDI Variance √ (Low) √ (High) √ (Low)
Corn BDI Variance √ (Low) √ (High) √ (Low)
Cotton BDI Variance √ (Low) √ (High) √ (Low)

Table 8  Causality-in-quantiles (mean)BDI to commodity

Note: √ denotes causal relationship exists; high, mid, and low indi-
cates magnitude of test statistics; X denotes no causal relationship

Causing 
variable

Dependent 
variable

Causality Bearish Normal Bullish

BDI Iron ore Mean √ (High) √ (Mid) √ (Low)
BDI Aluminum Mean X X √ (High)
BDI Coal Mean √ (High) √ (Mid) √ (Low)
BDI Copper Mean X X √ (High)
BDI Soybean Mean X X X
BDI Wheat Mean X √ (High) X
BDI Corn Mean X √ (High) X
BDI Cotton Mean √ (High) X X

Table 9  Causality-in-quantiles (variance) BDI to commodity

Note: √ denotes causal relationship exists; high, mid, and low indi-
cates magnitude of test statistics; X denotes no causal relationship

Causing 
Variable

Dependent 
Variable

Causality Bearish Normal Bullish

BDI Iron Ore Variance √ (High) √ (Mid) √ (Low)
BDI Aluminum Variance X √ (Low) √ (High)
BDI Coal Variance √ (High) √ (Low) √ (High)
BDI Copper Variance X √ (Low) √ (High)
BDI Soybean Variance X X X
BDI Wheat Variance X X X
BDI Corn Variance X √ (Low) √ (High)
BDI Cotton Variance X √ (Low) √ (High)
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 iv. BDI volatility spillovers also vary from one commod-
ity to another. While there is no volatility spillover 
for Wheat and Soybean in any market condition, BDI 
volatility spillover on commodities is high for the rest 
of the commodities studied in bullish markets.

 v. For industrial metals, BDI-commodity relation is 
mostly bidirectional, less prominent in bullish mar-
kets. When BDI rates are high, industrial commodity 
prices are least affected.

 vi. For agricultural products, BDI has a significant effect 
mostly in bullish markets. When BDI rates are bullish, 
agricultural commodity prices are most affected.

Overall, the causality from commodity to BDI remains 
stable for all the commodities, which may be justified as 
commodity prices are the major factors that determine 
quantity transportation and freight rates. However, BDI 
to commodity causal relationships are asymmetric and 
vary from commodity to commodity. This is also justi-
fied as each commodity is defined by its own supply and 
demand conditions and specific properties, so the impact 
of freight rate on commodity should be different for dif-
ferent commodities.

Conclusion and policy implications

In this paper, the interaction between BDI and commodity 
returns has been discussed through linear and nonlinear 
models in mean as well as variance. This study majorly 
focuses on the CiQ approach to explore the causal relation-
ship between BDI and 8 dry bulk commodities through 
causality-in-mean and variance models. The CiQ model 
helps in exploring causality in different quantiles and 
identifies the unique relationship between BDI and each 
of these 8 commodities in bullish, bearish, and normal 
market conditions. Overall, the causality from commodity 
to BDI remains stable for all the commodities, which may 
be justified as commodity prices are the major factors to 
determine quantity transportation and freight rates. How-
ever, BDI to commodity causal relationships are asym-
metric and vary from commodity to commodity.

The unique insights from this study can help export-
ers and importers of bulk commodities to monitor the 
dynamic relationship between commodity price and ship-
ping freight rates and accordingly decide when it is rela-
tively convenient to export or import dry bulks and hedge 
freight rates using freight rate derivatives. Simultaneously, 
the research findings will help shipbrokers to offer com-
petitive charter rates considering the prevailing supply and 
demand conditions in major dry bulk commodities. This 
study advances the knowledge of freight market dynamics 

and commodity prices, while at the same moment support-
ing decision-making processes in dry bulk chartering and 
commodity trading through better hedging and investment 
procedures. Future research can focus on studying the rela-
tionship between commodity prices and BDI in different 
frequency domains using various advanced econometric 
methodologies to unravel further insights. As a singular 
event, the impact of the COVID-19 pandemic on trigger-
ing a significant decline in global trade in dry bulk com-
modities which in turn affected the freight rates and freight 
rate derivatives can also be explored as a case study.
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