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Abstract: The price of fertiliser, which is one of the most important inputs of agricultural production, has increased
significantly in recent years. In this study, we empirically analysed the effect of volatility in fertiliser prices on selected
agricultural products by using the Diebold-Yilmaz connectedness approach, which is based on time-varying parameter
(TVP) vector auto-regression (VAR). The findings showed that the spread of volatility and the interconnectedness be-
tween these variables increased in times of crisis and that the risk pass-through was due to fertiliser prices. However,
empirical results showed that the price volatility of phosphate rock and urea was highly correlated to the volatility
of other products. Furthermore, we found that sugar, soybean and cotton were the agricultural products most vulner-
able to the effects of external shocks.

Keywords: Diebold-Yilmaz approach; dynamic connectedness; time-varying parameter vector auto-regression; vola-

tility spillover

The global food system faces many challenges, in-
cluding wars, disease, climate change, resource deple-
tion and population growth, as well as changes in diets
and agricultural land-use practices. Many inputs, such
as seeds, seedlings and saplings, fertilisers, pesticides,
labour, energy, machinery, equipment, vehicles, and
land, are needed to produce agricultural products,
and the costs of these inputs are important for the sus-
tainability of agricultural production. Fertiliser, one
of the most important of these inputs, is a substance
applied to the soil to increase productivity and qual-
ity by preventing the formation of diseases and disor-
ders in agricultural products. This substance provides
the nutritional components, nitrogen, phosphorus and
potassium, elements that enable plants to grow. Fertil-
iser is used when the soil is not able to supply the nu-
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tritional components necessary for adequate growth.
Although nitrogen should be applied every year for
plants that need nitrogen, there is no requirement
for phosphorus and potassium because phosphorus
and potassium are relatively stable in the soil unless
they are depleted by agricultural activities. Therefore,
it is necessary to measure the levels of phosphorus and
potassium in the soil at regular intervals. However, the
types of crops grown also affect the requirements for
fertilisers. For example, legumes and soybeans can pro-
duce their own nitrogen from the air, so they do not re-
quire nitrogen fertiliser. However, fertiliser application
is of great importance for crops such as wheat, maize,
rice, sugar beet and peanuts (Ali and Habib 2022;
Yang et al. 2022a; Zhao et al. 2022). Increases in the
prices of fertilisers, which are of great importance for
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some product types, may adversely affect the agricul-
tural activities of the producers. For example, in the
face of price increases, many producers may switch
products (e.g. soybean instead of corn) or use insuf-
ficient or no fertiliser (Brunelle et al. 2015). Chandio
et al. (2015) found that an increase in fertiliser prices
led to less fertiliser use, so agricultural productivity
decreased. They found that when fertiliser prices in-
creased by 1%, sugar cane, corn, and rice production
decreased. Regarding this issue, Tan et al. (2005) stated
that the continued depletion of nitrogen, phosphorus,
and potassium in the soil as a result of agricultural ac-
tivities, combined with the decrease in fertiliser use,
caused low production levels and posed a threat to ag-
ricultural sustainability.

Fertilisers that are used to increase yields within the
framework of agricultural sustainability have a link with
the availability of energy and natural gas. For example,
natural gas is the mostimportant variable in the produc-
tion of nitrogen-supplying fertilisers. Therefore, energy
prices are one of the main factors that increase fertil-
iser prices (Gardebroek and Hernandez 2013; Brunelle
et al. 2015; Etienne et al. 2016). Chojnacka et al. (2022)
stated that with the increase in natural gas prices, there
was a 300% increase in the price of nitrogen fertilis-
ers in 2021. Thorn et al. (2022) stated, that considering
the recent price increases, phosphorus fertiliser prices
doubled in 2021 (643 USD/metric ton) compared with
what they were in 2017 (326 USD/metric ton). Russia
is one of the top three producers of natural gas, nitro-
gen, phosphorus and potassium. Therefore, the war
between Russia and Ukraine is expected to cause a fur-
ther increase in world fertiliser prices (Randive et al.
2021). In addition, approximately 45% of phosphorus
resources are found in so-called geopolitically unstable
regions in Algeria, Iraq, Jordan, and Syria. This fact
makes sustainable access to sources and a consistent
phosphorus supply uncertain (Olagunju et al. 2021).

Theoretical background. Price volatility can cause
instability and uncertainty in agricultural markets.
Increasing volatility in prices can lead to negative ef-
fects such as food shortages, political crises, pov-
erty and unstable conditions in agricultural markets
(Santeramo and Lamonaca 2019). Many factors can
affect price volatility. There is a vast literature on the
dynamics and causes of price volatility in agricul-
tural markets. For example, Zhang et al. (2010), Serra
(2011), Gardebroek and Hernandez (2013), Tadesse
et al. (2014), Gozgor and Memis (2015), Nwoko et al.
(2016), Adrangi et al. (2017), Fasanya and Akinbowale
(2019), Chen et al. (2020), and Sarwar et al. (2020), all

examined the effects of oil price changes on selected
agricultural products. Among them, Zhang et al.
(2010) and Gardebroek and Hernandez (2013) con-
cluded that there is no price relationship between oil
and agricultural commodity prices, whereas the results
of other studies showed that oil and food prices move
together. In other words, as oil prices increase, food
prices also increase. Moreover, Yanikkaya et al. (2013),
Balcilar and Bekun (2019), Radmehr and Henneberry
(2020), and Ucak et al. (2022) examined the effects
of energy and exchange rates on agricultural product
prices. They found that selected food prices increased
in response to increases in energy and real exchange
rates. Furthermore, Mawejje (2016) examined the im-
portance of energy and climate shocks in food price
processes and concluded that energy prices have
along-term cointegration relationship with food prices
and that temperature shocks are more important
than precipitation shocks in explaining the variabil-
ity in food prices. Matoskova (2011), Santeramo et al.
(2018), and Santeramo and Lamonaca (2019) discussed
the effects of supply-and-demand movements and ar-
bitrage factors on agricultural product prices. Santer-
amo and Lamonaca (2019) found that demand shocks
diminished price volatility, whereas supply shocks ex-
acerbated it. They also found a negative relationship
between arbitrage and grain price volatility.

It is possible to divide the studies dealing with the ef-
fects of fertiliser prices on fertiliser use within the
framework of agricultural activities basically into two
groups. The study investigators in the first group exam-
ine the factors affecting fertiliser prices, whereas those
in the second group examine the use of fertilisers.
We see that the first group of studies focused on the
effects of oil and natural gas prices on fertiliser prices.
For example, Sanyal et al. (2015) evaluated the effects
of volatility in crude oil and natural gas prices on fer-
tiliser price changes. The results showed that changes
in oil and natural gas prices increased fertiliser prices
from June 2007 to June 2008. Chen et al. (2012) evalu-
ated the effect of crude oil prices on global fertiliser
prices in terms of both average and volatility. The re-
sults showed that most fertiliser prices were signifi-
cantly affected by the price of crude oil. They also found
that the volatility of global fertiliser prices and crude oil
prices between March and December 2008 was higher
than in other periods. Baffes (2007) found that crude
oil prices had the highest pass-through on the fertil-
iser index. The second group consists of studies that
specifically examine the effect of fertiliser subsidy
programs on fertiliser use. These studies were gener-
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Table 1. Studies of volatility in agricultural product prices caused by volatility in fertiliser prices

Reference Goal Varla'bles . Methodology Results
and sampling period

They could not find

a relationship between fertiliser
The prices of natural gas,

prices and corn prices, but

They discussed the fertiliser and corn fertiliser markets were negatively

price a.n@ volatility markets. . VECM-MGARCH affected by natural gas prices.
Yang etal.  transmission among 2 219 observations In the long run, they found that

) model and . s
(2022b) natural gas and used in the study. fertiliser was the only statistically
1. . BEKK model .
fertiliser and corn The sample period significant parameter among the
markets. was from 25 May 2011 adjustment parameters. This finding
to 30 November 2021.

indicated that there were strong
statistical associations between
manure (ammonium) and maize.

Phosphate rock, fertilisers

The results showed that
They aimed (such as TSP, DAP, urea and an increase in the price of wheat
to analyse the potassium chloride had a large effect on both
. dynamic causal fertilisers), crude oil directed fertiliser and phosphorus
Olagunju . . . . . s
et al. (2021) relationships among and wheat prices. acyclic graphs prices. In addition, they
’ phosphate rock, 147 monthly price and VECM

provided empirical evidence
fertilisers and

observations. that increases in the price
wheat prices. The sample period was from of phosphorus were due to demand
March 2007 to April 2019.

factors as well as supply factors.

The price data of tea,
barley, rice, wheat, beef,

They aimed poultry, lamb, sugar,
to investigate ‘the rapeseed oil, s.oybean oil, The results showed that the
Ismail et al factors affecting sunflower oil, cotton, GARCH, volatility in fertiliser prices was
(2017) ’ the volatility crude oil, urea, exchange GJR GARCH, transm);tte donl thrl:m h the
of selected food rate and interest rate. EGARCH volatility of su}; ﬂowe;g oil
and agricultural 360 monthly price ¥ ’
commodities. observations.
The sample period was from
April 1983 to April 2013.
The results showed a significant
interaction between fertiliser and
. corn markets. There was not only
. . Natural gas, ammonia o . .
They investigated . a positive relationship between
the transfer of price and corn prices. maize and ammonium prices
. . 1 094 weekly VECM-MGARCH .
Etienne and volatility between . in the short run, but both prices
observations. model and L
et al. (2016) the natural gas, ) also responded to deviations from
o . The sample period BEKK model . "
fertiliser (ammonia) the long-term parity. In addition,
was from January 1994
and corn markets.

to December 2014, . the lagged C.OHdltl(.)nal VOli.lt.ll—
ity of ammonium prices positively
affected the conditional volatility
in the corn market, but vice versa.
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Table 1. To be continued
Reference Goal Varla.bles . Methodology Results
and sampling period
They investigated how
global crude oil price
Shgiikcse:ff;;:tli(;fjifl(;()d Maize, fertiliser The results showed that
Dillon in countries with high and petrol prices. Johansen fertiliser prices had a r¥egh’glble
. 144 monthly . . effect on the determination
and Barrett levels of subsistence . . cointegration .
. price observations. of local corn prices after
(2016) food production in the . tests .
four major East African The sample period controlling for changes
was from 2000 to 2012. in global corn prices.

economies: Ethiopia,
Kenya, Tanzania
and Uganda.

TSP - triple superphosphate; DAP — diammonium phosphate; VECM - vector error correction model; GARCH - gener-
alised autoregressive conditional heteroskedasticity; MGARCH — multivariate GARCH; EGARCH - exponential GARCH;
BEKK - Baba, Engle, Kraft and Kroner; GJR — Glosten-Jagannathan-Runkle

ally conducted for African and South Asian countries.
For example, the results of Tsiboe et al. (2021), who ex-
amined the effect of fertiliser subsidy on grain produc-
tion at the household level in Ghana, showed that the
grain yield increase attributable to the fertiliser subsidy
program was 24.5%. Gono and Takane (2019) exam-
ined the effect of the price increase of subsidised fertil-
isers on poor farmers in Southern Malawi. They found
that the price increase of fertilisers caused a decrease
in the use of fertilisers. Nasrin et al. (2018) examined
the effect of fertiliser subsidy on farming productiv-
ity in Bangladesh. The results of the study showed that
fertiliser subsidy had a significant effect on increas-
ing farming efficiency for small farms. Komarek et al.
(2017) investigated the effects of changes in inorganic
nitrogen fertiliser prices on agricultural households
for farmers in central Malawi. They found that higher
fertiliser prices increased legume cultivation areas but
decreased household incomes. Takeshima and Liver-
pool-Tasie (2015) investigated the effect of a fertiliser
subsidy program on seasonal growth rates of grain
prices in Nigeria. The results showed that the fertiliser
subsidy program had very small effects on grain price
growth rates between the post-planting and post-har-
vest seasons. Holden and Lunduka (2012) evaluated
the effects of the Malawi Farm Input Subsidy Program
on fertiliser use at the farmland level. They stated that
a 1% increase in the average fertiliser price was associ-
ated with a 0.43% to 0.76% increase in the probability
of fertiliser use and a 3.5% to 5.3% increase in fertiliser

use intensity. Ramli et al. (2012) examined the effects
of fertiliser subsidy on the Malaysian paddy and rice
industry. The results of the study showed that fertiliser
subsidy had a significant effect on the paddy and rice
industry — namely, the removal of fertiliser support re-
duced paddy and rice production. Finally, the limited
number of studies in which the investigators exam-
ined the volatility in agricultural product prices caused
by the volatility in fertiliser prices, which is the main
purpose of this study, are summarised in Table 1.

The studies conducted within the scope of our lit-
erature review focus on the advantages and disadvan-
tages of fertiliser use and the factors affecting fertiliser
prices. In addition, it is noteworthy that there are few
studies in the literature that contribute to understand-
ing the volatility in fertiliser prices and, moreover, the
relationship between fertiliser volatility and the vola-
tility of agricultural products. In this article, we test
the hypotheses that changes in fertiliser prices af-
fect the changes in agricultural product prices and that
there is a relatively high connectedness between these
changes. Another hypothesis we test is to show that
the interconnectedness and risk contagion between the
variables increase in times of crisis. Accordingly, in this
study, we aimed to empirically test the spillover and
interconnectedness between the volatility of fertiliser
and selected agricultural product prices through the
Diebold-Yilmaz approach based on the time-varying
parameter (TVP) vector auto-regression (VAR) model.
With this approach, while revealing the volatility pass-
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-through between the variables, we also saw the change
in the relationship between the variables in crisis peri-
ods via the dynamic structure of the method. Diebold
and Yilmaz (2014) estimate the dynamics via a rolling
window VAR approach that causes losing data. There-
fore, we used the same method as Antonakakis et al.
(2020) because the dynamics of TVP-VAR do not influ-
ence the size of the rolling window.

MATERIAL AND METHODS

Data set. The data set consists of monthly price
changes from January 2000 to March 2022 downloaded
from the World Bank commodity price data site (World
Bank 2022). We included selected commodity price
indexes as proxies for world prices. The abbreviations
of the variables consisting of fertilisers and agricultural
products and their coding in the data source are listed
in Table 2. Our primary goal in choosing these fertil-
iser types and agricultural products was to avoid data
loss because data are missing on the prices of other ag-
ricultural products. In addition, the World Bank uses
prices in some countries and regions to determine
global prices. We assumed these prices as approxi-
mate world prices and used them in our analysis. Fig-
ure 1 demonstrates commodity prices.

Poon (2005) indicated that using absolute monthly
values to represent macroeconomic volatility creates

Table 2. Variables and data description

https://doi.org/10.17221/147/2022-AGRICECON

a proxy value for volatility, as many macroeconomic se-
ries exist only at monthly intervals. Therefore, we used
absolute logarithmic price changes as the volatility
of commodities in the connectedness analysis. Fig-
ure 2 presents the volatility series. The skewness and
the excess kurtosis statistics in Table S1 in electronic
supplementary material (ESM; for the ESM see the
electronic version) indicate that all the volatility se-
ries are skewed to the right and have excess kurtosis
with respect to the normal distribution. These results
are supported by Jarque-Bera test statistics that also
indicate the series are not normally distributed at the
1% significance level. Therefore, we can use an Elliot-
-Rothenberg-Stock test to check for stationarity of the
volatility series, and these statistics show that all vola-
tility series are stationary.

TVP-VAR-based dynamic volatility connected-
ness. Antonakakis et al. (2020) used the TVP-VAR
method to enhance Diebold and Yilmaz's (2014) pro-
posed connectedness approach by allowing the vari-
ance-covariance matrix to fluctuate by using a Kalman
filter estimation with forgetting factors, as in the study
of Koop and Korobilis (2014). To investigate the time-
-varying linkage between price volatilities of fertilisers
and agricultural products, we estimated a TVP-VAR(2)
model, which we determined to be the most appro-
priate by means of Bayes information criteria, and
it is as in Equations (1, 2).

Product Unit

Description

Phosphate rock  USD/metric ton

FOB North Africa
Ukraine, FOB Black Sea
spot, FOB US Gulf
spot, import US Gulf

world, International Sugar Agreement daily price,
raw, FOB and stowed at greater Caribbean ports

Cotton Outlook A index, middling 1-3/32 inch, traded in Far East,
CIF beginning 2006; previously Northern Europe, CIF

from January 2021, US Gulf Yellow Soybean #2, CIF Rotterdam;

December 2007 to December 2020, US No. 2 yellow meal,

CIF Rotterdam; previously US origin, nearest forward

US, No. 2, yellow, FOB US Gulf ports

Thailand, 5% broken, white rice, milled, indicative price based on weekly

surveys of export transactions, government standard, FOB Bangkok

Urea USD/metric ton
DAP USD/metric ton
TSP USD/metric ton
Sugar USD/kg

Cotton USD/kg

Soybeans USD/metric ton
Maize USD/metric ton
Rice USD/metric ton
Wheat USD/metric ton

US, No. 2, soft red winter, export price delivered at the US Gulf port

for prompt or 30 days shipment

FOB - free on board; CIF — cost, insurance and freight; DAP — diammonium phosphate; TSP — triple superphosphate
Source: The metadata and definitions of the variables are available in the Pink Sheet data (World Bank 2022)
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y,= Az, +e, €~ N(O, Zt) 1) The Diebold-Yilmaz approach is based on the gener-
alised forecast error variance decomposition (GFEVD)
vec(d,) = vec(A, ) + v, v, ~ N(O, St) ) analysis. Thus, TVP-VAR needs to be transformed into

where: y,, z, | — k x 1 and 2k x 1 vectors, respectively;
A, - k x 2k dimensional matrix; €, v, — k x 1 and 2k* x 1
dimensional vectors, respectively; X, S, — time-varying
variance-covariance matrices of which the dimensions
are k x k and 2k* x 2k?, respectively; vec(4,) — 2k* x 1

a TVP-vector moving average Wold representation:

Y, = ZAhtetfh, where: A, = I, (3)

h=0

where: I, — identity matrix; A;, — k x k dimensional time-

dimensional vector.

-varying vector moving average coefficient matrix
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Figure 1. Commodity price series: (A) phosphate rock (USD/metric ton), (B) urea (USD/metric ton), (C) TSP (USD/
metric ton), (D) sugar (USD/kg), (E) cotton (USD/kg), (F) soybeans (USD/metric ton), (G) rice (USD/metric ton),
(H) wheat (USD/metric ton), (I) DAP (USD/metric ton), and (J) maize (USD/metric ton)

DAP — diammonium phosphate; TSP — triple superphosphate
Source: World Bank (2022)
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As aresult, using the /i-step forward GFEVD, one can
predict (pairwise directional connectedness) the influ-
ence of a shock in variable j on variable i as follows:
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with Z(T)gt (H)=1and Zd;gt (H)=k.
j=1

ij=1

where: J)— (scaled) GFEVD (pairwise directional connect-

H-1 ) edness from j to i); H — forecast horizon; €;, €; — selec-
Z (ezTAthtej) tion vector with 1 on the i™ position and 0 otherwise
5, (H)=—= ) .
it H-1 Thus, the total connectedness index (TCI) of the
(EiTZtE;‘) (elT Az, AZtei) Diebold-Yilmaz (2014) approach via GFEVD is calcu-
h=0 lated as in Equation (5).
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Figure 2. Volatility series (absolute log-price changes): (A) phosphate rock, (B) urea, (C) DAP, (D) sugar, (E) cotton,

(F) soybeans, (G) rice, (H) wheat, (I) TSP, and (J) maize

DAP — diammonium phosphate; TSP — triple superphosphate

Source: Authors' own elaborations
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Z ¢f, (H Z o, (H

hj=1 hj=1
1#1 z#]
Z (I)z] t

i,j=1

TCI can be used to model how a shock in one variable
affects other variables. To put it another way, we may
quantify the transmission of a shock in variable i to all
other variables by using the following formula (total di-
rectional connectedness to others):

S ()

cH,«,AH):‘#’— ®

The calculation for receiving the shock, known as to-
tal directional connectedness from others, is as follows:

Z%
Ci(—j,t(H)_ l#} (7)

Z%,

Table 3. Averaged dynamic connectedness table

The net total directional connectedness (NTDC)
shows the effect of the variable i on the analysed mac-
roeconomic network. Therefore, the NTDC is:

Ci,tzcmj,t(H)_Ciej,t(H) (8)

We can investigate bidirectional interactions by cal-
culating the net pairwise directional connectedness
to see which variable dominates the other, which is:

NPDC;(H) =%

Ji,t

(H)- 05, (H) 9)

RESULTS AND DISCUSSION

Antonakakis et al. (2020) considered the benchmark
values for forgetting factors provided by Koop and Ko-
robilis (2014), who used the TVP-VAR forgetting factor
of 0.99 and the exponentially weighted moving average
forgetting factor of 0.96. The fixed values decreased the
computation burden of the Kalman filter algorithm sig-
nificantly. In addition, they determined that these de-
cay factors showed the minimum error in simulations.
Therefore, we used the same forgetting factors values
while estimating the TVP-VAR model with Minnesota
prior, which Antonakakis et al. (2020) used in their
study. Table 3 presents the results of the TCI derived

zf(il:r?:clte:;ril:ss Ph(;f)ljzate Urea DAP TSP Sugar  Cotton Soybeans Maize  Rice  Wheat (irl?(;ls
f:colfphate 65.88 440 221 268  0.40 1.16 1.43 261 1580 344  34.12
Urea 425  61.06 1292 1024 139 287 0.81 230 287 130 3894
DAP 698 1802 4872 17.05  1.08 1.29 0.91 1.61  3.00 135 51.28
TSP 737  14.86 1841 4976  0.86 1.24 0.91 1.89 337 132 5024
Sugar 3.11 521 331 314 7427 320 1.73 236 241 126 2573
Cotton 551 518 262 493 220 6541 4.29 346 204 436 3459
Soybeans 4.41 285 213 380 083 452  64.61 998 262 424 3539
Maize 5.92 364 232 260 246  3.65 865 5843 351 881 4157
Rice 16.73 548  3.09 649 168 1.83 0.61 093 5987 331  40.13
Wheat 7.24 228 210 401 112 3.89 351 926 414 6245 37.55
To others 61.53 6192 49.10 5492 1204 2364 2285 3440 3975 2939 389.53
Includingown 127.41  122.98 97.82 10468 8631  89.05  87.47 9282 9962 91.84 TCI
Net 27.41 2298 -2.18 4.68 -13.69 -1095 -12.53 -7.18 -0.38 -8.16 38.95

DAP - diammonium phosphate; TSP — triple superphosphate; TCI — total connectedness index; results are based on a time-
-varying parameter vector auto-regression [TVP-VAR(2)] model and a 10-step-ahead generalised forecast error variance
decomposition (GFEVD); for TVP-VAR-based connectedness analysis, one can use the R-package 'Connectedness Approach’,
as well as the online connectedness approach platform prepared by Gabuer (2022); bold — volatility transmitters in the network

Source: Authors' own elaborations
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from the TVP-VAR(2) model through GFEVD with
a forecast horizon of 10 months.

The TCI among the variables was 38.95%. According
to this result, approximately 39% of the forecasting error
variance in the variables was caused by the transition
and connectedness between these variables. Although
the diagonal elements of the 10 x 10 matrix given
in Table 3 show the forecasting error variance caused
by the variables themselves, the other elements are the
decomposition of the error variances. The columns
show the variance decompositions of spillover to other
variables, and the row elements show the volatility
spillover from other variables. The difference between
them gives the average net directional connectedness
rates. Accordingly, phosphate rock, triple superphos-
phate (TSP) and urea are net shock transmitters, and
other variables are shock receivers. The fact that phos-
phate rock and urea had a net directional connected-
ness of 27.41% and 22.98%, respectively, indicates that
price volatility in these fertilisers is highly contagious
to the volatility of other products. The agricultural
products most vulnerable to the effects of external
shocks were sugar, soybeans and cotton. although the
risk of volatility in rice prices was transferred to other
variables at a rate of 39.75%, the fact that other prod-
ucts were affected by 40.13% from volatility spillover
reveals that the net interconnectedness of rice was al-
most non-existent. This means that derivatives on rice
can be used for portfolio diversification. In other words,
rice had a low connection to other variables because
its NTDC was -0.38. Thus, in a portfolio with futures
contracts for other products, contracts on rice can
be used for risk reduction. These products can be used
for portfolio diversification and hedging transactions
in derivative markets, considering the net interconnect-
edness. The network of connectivity shown in Figure 3
can also be interpreted as a visual result that supports
our findings. Blue (yellow) knuckle dots indicate the
clear transmitter (receiver) of the shocks. The vertices
are weighted by their mean net pairwise connected-
ness measures. The size of the knuckles represents the
weighted average NTDC. The network plot indicates
that there is a spread of volatility from phosphate rock
and urea to the other fertiliser types of TSP and diam-
monium phosphate (DAP), and cotton was the biggest
net receiver of the shocks in phosphate rock price vola-
tility among agricultural products.

To elaborate further on the situation revealed in the
network analysis, we present the net pairwise con-
nectedness values in Table 4. The volatility in urea
fertiliser price dominates all variables, including phos-
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phate rock. Although phosphate rock had the high-
est diffusion rate, it was affected by volatility in urea
prices. We calculated the total exposure rates from the
spillover of fertiliser price volatility; in other words,
the risk created by the change in fertiliser prices were
as follows: cotton (11.68%), sugar (11.04%), soybeans
(9.13%), wheat (8.22%), rice (6.75%) and maize (6.07%).

Figure 4 presents the total dynamic TCI over the
entire period via TVP-VAR spillover analysis. In-
creases in both fertiliser and agricultural product
prices in the last quarter of 2007 and the first quarter
of 2008 showed their effects in April 2008. The price
data show that fertiliser prices increased by 44.26%
on average in April 2008 compared with the previous
month and realised the highest increase. Although ag-
ricultural product prices increased by 4.6% on average,
the highest increase was realised in rice with 52.69%.
The peak value in April 2008 in Figure 4 illustrates that
the connectedness reached the highest value of 82.34%
throughout the entire period, for other reasons be-
yond only the 2007-2008 financial crisis. The biggest
source of volatility spillover in April 2008 was phos-
phate rock because its price increased by 124.30%.
The net pairwise connectedness between phosphate
rock and agricultural products were sugar (31.15%),
maize (31.47%), cotton (23.26%), soybeans (19.90%)

receiver of the shocks

@ transmitter of the shocks
Figure 3. Network plot

DAP - diammonium phosphate; TSP — triple superphos-
phate; PHOSROCK - phosphate rock; results are based
on a time-varying parameter vector auto-regression [T VP-
-VAR(2)] model and a 10-step-ahead generalised forecast
error variance decomposition (GFEVD)

Source: Authors' own elaborations
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Table 4. Net pairwise volatility connectedness

Variables th(s)}jzate Urea DAP TSP Sugar Cotton  Soybeans Maize Rice
Wheat -3.80 -0.98 -0.75 -2.68 0.13 0.47 0.73 -0.45 -0.83
Rice -0.93 -2.60 -0.09 -3.11 0.72 0.22 2.01 2.58 -
Maize -3.31 -1.35 -0.71 -0.71 -0.10 -0.19 1.33 - -
Soybeans -2.98 -2.04 -1.22 -2.90 0.90 -0.23 - - -
Cotton —4.35 -2.31 -1.33 -3.69 0.99 - - - -
Sugar -2.71 -3.82 -2.23 -2.27 - - - - -
TSP -4.70 —4.62 -1.37 - - - - - -
DAP -4.77 -5.10 - - - - - - -
Urea 0.15 - - - - - - - -

DAP - diammonium phosphate; TSP — triple superphosphate; results are based on a time-varying parameter vector
auto-regression [TVP-VAR(2)] model and a 10-step-ahead generalised forecast error variance decomposition (GFEVD)

Source: Authors' own elaborations

and rice (0.02%). The second biggest price fluctuation
in fertilisers occurred in June 2011. As fertiliser prices
increased by 37.71% on average, agricultural product
prices increased by 0.22%. Thus, the volatility propaga-
tion remained low, and TCI increased to just 39.39%.
The World Health Organisation declaration of the
COVID-19 pandemic in March 2020 slightly increased
the connectedness. The high demand that occurred
when the pandemic weakened, the availability of the
vaccine in the post-pandemic period and the normali-
sation process increased prices of fertilisers by 22.51%
and agricultural products by 3.31% in February 2021.
This fluctuation created by the third-highest average in-
crease in fertiliser prices affected the contagion of vola-
tility among the variables. Therefore, the TCI reached
55.22%. The TCI tended to decrease during 2021, when
strong demand, increasing input costs, production cuts
and trade policies were influential in the price increase.
Furthermore, with the start of the Russia-Ukraine war

— TCI ,
%0 ~--TCLadj |
80k Apr 2008 K :I.
— EED

2 6or Feb 2008 __,i'.

oo R
50F. . .
40 -

o

30 7

Feb 2021 [

in February 2022, it tended to increase again. Although
the average increase in fertiliser prices was 16.61%
in March 2022, it was 9.26% in agricultural products.
As aresult, TCl increased to 41.22%, moving above the
average value. The TCI showed that the shock in one
of the variables in the upcoming period tended to in-
crease the risk in the others more.

The results of the analysis showed that there is a rela-
tively high connectedness among the variables and that
the volatility connectedness between fertiliser and ag-
ricultural product prices increased especially during
crisis periods. With the use of up-to-date data, we can
expect that the crisis caused by the Ukraine-Russia
war will further increase the connectedness. Because
other studies do not have dynamic structures or at
least do not include methods such as rolling window
analysis, they arrive at only average volatility spillover
over the entire period. Therefore, although Dillon and
Barrett (2016) and Yang et al. (2022b) did not find sig-

Figure 4. Total dynamic connected-
ness index

TCI - total connectedness index; results
are based on a time-varying parameter
vector auto-regression [TVP-VAR(2)]
model and a 10-step-ahead generalised
forecast error variance decomposition
(GFEVD)

2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022

Source: Authors' own elaborations
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nificant volatility pass-through between fertiliser and
corn prices, we found that corn price was a volatility
receiver, especially in times of crisis. Ismail et al. (2017)
found a volatility transmission from fertiliser prices
only to sunflower oil, but we found a volatility pass-
-through for rice, wheat, sugar and cotton. Although
our method is different from those of the studies in the
literature, it shows similarities in terms of results.
For example, phosphate rock had a huge effect on the
network, and we found that the agricultural product
for which phosphate rock provided the highest risk
pass-through after cotton was wheat, which is in line
with the results of Olagunju et al. (2021).

CONCLUSION

We used the TVP-VAR-based Diebold-Yilmaz con-
nectedness approach to reveal the volatility spillover
and connectedness between fertiliser prices and some
agricultural product prices. The TCI revealed that
38.95% of the forecasting error variance in the vari-
ables was due to contagion and connectedness. Ac-
cording to the results, the price volatility of phosphate
rock and urea was highly contagious to the volatility
of other products. The findings showed that the agri-
cultural products most vulnerable to the effects of ex-
ternal shocks were sugar, soybeans and cotton. The net
connectedness of rice was almost zero, resulting in de-
rivatives on rice being able to be used for portfolio
diversification. According to the net pairwise con-
nectedness rates, the volatility of urea fertiliser price
dominated all variables. In addition, the TCI showed
that the interconnectedness reached its highest value
in April 2008 for the entire period. The crisis created
by the increase in food prices in 2007 and 2008 was also
revealed in the analysis results. Moreover, we observed
that TCI increased slightly in March 2020 because
of the COVID-19 pandemic. The volatility pass-
-through between variables emerged because of high
demand and the normalisation process in the post-
-pandemic period. Therefore, high prices, or more pre-
cisely, the volatility affected the TCI, which increased
to 55.22% in April 2021. The findings showed that vola-
tility spillover and interconnectedness among the vari-
ables increased during crisis periods and that the risk
pass-through was due to the prices of fertiliser as a raw
material. These results are consistent with volatility
spillover and connectedness theory.

Because some farmers cannot afford fertiliser be-
cause of post-pandemic high inflation, high loan rates
and lack of equity capital, increases in fertiliser prices
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may cause low yields because producers use less fer-
tiliser or none at all. This is one of the reasons for the
high prices of agricultural products. The regulation
of the prices of inputs used in agriculture and the
amount of support and payment periods by policymak-
ers is an urgent and strategic issue. In addition, they
should ensure that the efficient use of fertilisers is in-
creased within the scope of improved nutrient manage-
ment planning. However, in terms of reducing fertiliser
costs, sustainable food production can be improved
by using recycled bio-based (from biological waste)
fertilisers that support the local microorganisms that
are important for agricultural production. Legumes
also should be added to rotations in a planned manner
when there is insufficient fertiliser. Relevant govern-
ment departments should carry out their inspection
and control activities regularly and take measures
to keep the market prices of agricultural inputs such
as fertilisers and pesticides constant. Subsidy programs
for agriculture and food sector inputs can help to create
a general equilibrium in decreasing food prices by re-
ducing the negative effects of high costs, especially for
small producers. In addition, financial institutions such
as banks should provide short-term, medium-term and
long-term agricultural loans on flexible terms to sup-
port sustainable agricultural production. Lastly, for
agricultural producers to have easy access to agricul-
tural loans or support programs provided by the public
or private sector, all kinds of electronic and print media
should be used regularly.
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