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ABSTRACT
Food supply and demand chains are susceptible to global shocks. Unstable and sudden food price hikes cause

seriousmalnutrition problems and increase the number of food‑insecure people, especially in developing countries.
Using the FAO Food Price Index (FFPI), this study makes one of the irst attempts to utilize monthly observations
of the FFPI in dynamic time series ARDL and ARX settings to identify the effects of food prices on COVID‑19 infec‑
tion rates and the 2008 global inancial crisis. Our empirical indings con irm that the inancial crisis signi icantly
increased the FFPI, although its effects decreased as markets equilibrated between 2007 and 2009. The pandemic
has had a mild impact on food prices in the short run compared to the 2008 crisis, but in the long run, the COVID‑
19 outbreak has a larger impact, with 1 million new COVID‑19 infections associated with an increase of between
0.0464 and 0.0509 points in the FFPI. Food price volatility and hikes, even if short‑term, increase poverty, malnu‑
trition, and food insecurity, foster social unrest, and lower people’s living standards. This research implies that
food prices are globally sensitive to both pandemics and inancial crises, and the severity of the pandemic can drive
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global food prices higher, depending on the number of infections. Over the long run, the impact of the outbreak
surpasses that of the inancial crisis. The latter tends to have a major impact on food prices in the short run but
subsequently declines asmarkets begin to equilibrate, re lecting asymmetries between the two phenomena in their
effects on food prices. Overall, the results indicate that the inancial crisis and the COVID‑19 pandemic had a short‑
run, immediate, augmenting impact on food prices. However, while the 2008 crisis affected the supply side only,
COVID‑19 had impacts on both the demand and supply sides.
Keywords: COVID‑19; Food Price Index; ARDL; Global Shocks; Global Financial Crises

1. Introduction
While live counts of COVID‑19‑related human

losses are published as real numbers across many
sources and can be easily traced, the damage toll of the
pandemic on the global economy and social systems is,
by contrast, unclear, pervasive, and hard to quantify.
Since the Coronavirus (SARS‑CoV‑2) outbreak in January
2020, every countryhas aspired to curb theuncontrolled
spread of the deadly disease and mitigate its adverse
socio‑economic effects and the ensuing hardship on peo‑
ple’s livelihoods [1–4].

Demand shocks and supply chain disruptions aris‑
ing from global trade restrictions, travel limitations and
drastic changes in consumption patterns have all in‑
creased volatility in import, export, producer and con‑
sumer prices. While most businesses were completely
shut down following government prevention policies,
food suppliers and retailers remained operational [5].
The COVID‑19 pandemic has had long‑lasting effects on
the food supply chain as it adapted to supply chain dis‑
ruptions, met increasedmarket demand, applied protec‑
tive measures for its workforce, and maintained quality
and safety standards to protect people’s lives [6–13].

The FAO Food Price Index (FFPI) measures the
monthly change in international prices of a basket of ive
food commodities. The average export share of each
group weighs the average prices. The FFPI hit a three‑
year high in 2020, driven by additional gains in Decem‑
ber 2019. In general, commodity food prices have un‑
expectedly increased over the last 20 years, particularly
between late 2006 and mid‑2008, after several decades
of relative stability and low levels [14]. Starting in 2006,
there has been a global surge in food prices, rising by
27% in 2007 as the inancial crisis loomed. This rise

in 2006 is attributed to low investment and fund activ‑
ities, adverse weather conditions, and a set of iscal con‑
ditions across the world [15, 16]. This is also associated
with a shift in investor preferences toward energy com‑
modities, which dominated food commodity prices. The
phenomenon of “ inancialization” is evident, as noted by
Baffes and Wu [15], as well as Manogna et al. [17], where
the agricultural sector’s supply chain suffered from the
“boom” in energy‑related commodities. As investment
decreased in the primary sector, production costs in‑
creased, and restrictive government policies further re‑
duced the supply side. The supply chain became vulner‑
able as international investors’ preferences shifted away
from developing economies [15], creating a supply shock
that increased costs due to the inancialization of com‑
modities [17], and also reduced the availability of credit
and loans. The agricultural sector’s supply chain became
vulnerable to the inancial crisis.

The deteriorating inancial positions and global
macroeconomic pressures have strained theworld econ‑
omy, amplifying the adverse impact of volatile and
above‑average food prices, especially on developing and
poor nations [16, 18]. Between 2008 and 2010, the num‑
ber of food‑insecure people increased by 13% inAsia [19].

It is widely perceived that the COVID‑19 pandemic
has caused a global increase in the FFPI. According to
Zurayk [20], there has been a global price increase in the
food basket of 20% to 50%, caused by COVID‑19, re‑
sulting from disruptions, temporary shortages, hoard‑
ing, and pro iteering along the retail value chain. Concur‑
rently, the farmers’ inability to sell food produced during
the pandemic lockdown also contributed to FFPI hikes.
Similar to the 2007–2008 food price shock, the increase
in commodity food prices on international markets was
transmitted to the domestic market.
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The impact has led to instability in domestic pro‑
ducer prices, particularly in the food sector. For example,
to limit the spreadof the virus,many countries instituted
lockdown restrictions. During these restrictions, restau‑
rants were not permitted to open, or if they were, only
for limited hours before curfews began. Consequently,
shelter‑in‑place orders led to food rushes and hoarding
universally. Accordingly, demand for food from restau‑
rants decreased relative to takeout and deliveries. Many
food suppliers and factories were forced to close due to
the severe impact of the pandemic [9].

Farmers were compelled to sell their harvests at
lower prices to avoid dumping their products, even as
input costs increased due to trade restrictions and la‑
bor shortages [10]. The effects of the lockdown disrupted
the entire food supply chain, pushing up and destabiliz‑
ing food prices [21, 22]; global food prices have risen for
three consecutive months since August 2020, primarily
in luenced by irm demand, weak currencies, and trade‑
restrictive measures implemented by several countries
to build up food reserves. Fan et al. [23] reported that
the impact of COVID‑19 on food prices is heterogeneous
across different regions and products, with only a mi‑
nor impact seen overall. The largest disruptions in food
production and pricing have occurred in less‑developed
areas and regions where food is highly dependent on
imports [24]. Coluccia et al. [9] showed that Italian agri‑
food exports have decreased as a direct consequence of
the pandemic. While some countries still have adequate
food reserves for the short term, prolonged pandemic
conditions could lead to rising food insecurity [11, 25].

According to the theWorld Bank [26], the food price
index increased by 13% between April and October
2020 due to the pandemic, and it is expected to rise an
additional 1.5% in 2021. Mead et al. [27] showed that the
Producer Price Index (PPI) decreased by 0.1% between
March and June 2020. Zhang et al. [28] reported that agri‑
cultural output falls by 0.016% when the incidence rate
of epidemics rises by 1%. It is projected that COVID‑19
will reduce China’s agricultural growth rate by 0.4% to
2.0% in 2020 under different scenarios.

It should be noted here that the impact of the
COVID‑19 pandemic on food prices lacks robust empir‑
ical evidence in the economic literature, creating a gap

for further investigation. This study makes one of the
irst attempts to utilizemonthly observations of the FFPI
in a dynamic time‑series approach, based on the Auto‑
Regressive Distributed Lag (ARDL) and Auto‑Regressive
with Exogenous variables (ARX) models, to identify the
impact of COVID‑19 incidence rates compared with the
2008 global inancial crisis on the FFPI. Against this
backdrop, it is worthwhile to engage in a comparative
study of the impact of the 2008 global inancial crisis and
COVID‑19. This study is relevant because it provides em‑
pirical evidence of the relationship between the COVID‑
19 outbreak and global food prices, and also compares
the severity of this impact with that of the 2008 inancial
crisis.

The novelty of this research lies in providing a com‑
parative study within the empirical literature that mea‑
sures the impact on food crises from both phenomena,
offering insights to policymakers about the reactions
and asymmetries of food prices in response to inancial
crises and potential uncontrolled pandemic outbreaks.
This differentiates the research from other studies that
focus on countries [10] by examining their local commod‑
ity prices using interrupted time series analysis, or en‑
vironmentally focused studies [11, 12, 29] that analyze spe‑
ci ic geographic locations usingdescriptive statistics and
focus on supply changes by manufacturers or industrial
characteristics. More importantly, our study relies on dy‑
namic time series modelling primarily for its economet‑
ric tractability and focus on non‑spurious multivariate
regressions.

The next section of the study presents the method‑
ology used for the empirical estimations, followed by a
discussion of the stylized facts about the behavior of the
FFPI, COVID‑19, and the inancial crisis period within
the analysis sample. The results are then presented, fol‑
lowed by a section on discussion and policy recommen‑
dations. The inal section concludes the research.

2. Methodology
Our methodology is based on the speci ication of

ARX and ARDL models to perform empirical analysis on
the FFPI, which is a world average available monthly.
The ARX and ARDL models were chosen over other
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econometric techniques because of their practical appli‑
cation in analyzing time‑series dynamics [30] and their
ability to avoid spurious relationships through the analy‑
sis of cointegration [31], which is interpreted as long‑run
dynamics. These models are also lexible, allowing for
the inclusion of different multivariate frameworks, such
as dummy variables representing shocks, and structural
time series breaks with linear trends [32]. This is advan‑
tageous considering that panel data approaches are re‑
stricted to speci ic countries with data available before
and after COVID‑19, which is not easily accessible and of‑
ten exists in different periods. Finally, given the primary
focus on establishing global responses to COVID‑19 and
comparing these with the 2008 inancial crisis’s impact
on the FFPI, time‑series models enhance the ability to
easily comprehend their dynamics.

The empirical speci ication follows a dynamic time
seriesmodel (usingdynamic speci icationswith focuson
the long‑run properties of econometrical models in com‑
parison with the error correction models) with exoge‑
nous variables de ined as an ARXmodel of the following
linear form:

yt = α+

p∑
t=1

βpyt−p+γ1xt+γ2Di+γ3(Di ∗T )+δT +et

(1)
where: yt is the real FAO Food Price Index (FFPI); t is
a month, yt−p is the set of lagged dependent variables
con iguring the autoregressive signal structure from the
previous values of the FFPI; xt is the exogenous variable
of COVID‑19world total cases of infections;Di is dummy
variable capturing the duration of the inancial crisis of
2008–09 in months with a linear time trend T , with α

as the autonomous coef icient of the model, with β,  γ,
and δ parameters to be estimated. By performing the hy‑
pothesis testing over the parameters, the in luence and
the relationship over the FFFPI can be tested empirically.
(The inancial crisis dummyvariable takes in account the
negative returns of the stockmarket of the Dow Jones as
a measure/proxy of the crisis of 2008–09 in the follow‑
ing form:

Di = {
D = 1  for    rt < 0

D = 0  for    rt > 0
(2)

where: for t restricted to 2007 < t < 2010, returns are

de ined by the performance of the stock market:

rt =
st − st−1

st−1
(3)

Where: st is the closing price of the Dow Jones
Stock Market, and for values of t < 2007 and t > 2010,
the dummy variable is equal to 0. )

The speci ication of the model in Equation (1) de‑
termines special importance in the observed signals
overtime of the dependent yt, where these signals also
includes unobserved factors of the past which in luence
the present behavior of the variable, this concept leads
to theuseof autoregressiveprocesses. These autoregres‑
sive signals are treated as explanatory variables captur‑
ing the in luence of the time series history of the variable
itself to explain the present state of the variable at time t.
The rest of the variables de ined in x and D are treated
as independent exogenous factors in comparison to the
endogenous signals.

In essence, the above model is an autoregressive
distributed lag (ARDL) model expressed as follows:

yt = α+ δT +

p∑
t = 1

βpyt−p +

q∑
t = 0

γqxt−q + et (4)

where: the exogenous regressors γ2Di + γ3(Di ∗ T )

can be included in the speci ication of the ARDL to
estimate long‑run relationships (or cointegration) for
the variables integrated of irst order I(1) [33]. (To pro‑
vide an empirical example of the long‑run properties
for variables, Pesaran, Shin and Smith [33] included sev‑
eral dummy variables in the speci ication of the determi‑
nants of wages for the UK in their study. The inclusion
of the interaction term should be considered as a time‑
varying factorwhere the sole point is to delete a possible
spurious unit‑root behavior in the regressions. It is im‑
portant to highlight that irst‑order integration implies
a process which contains unit‑roots in levels but at irst
differences become stationary. The intuition behind this
according to Engle and Granger [34] is that a linear combi‑
nation with non‑stationary variables yt, xt I (1)will pro‑
duce stationary residuals et I (0) if they are cointegrated
over the long run (or in other words, variables will have
a long‑run relationship), so the linear combination will
produce consistent, non‑spurious results.

As a robustness check for the exogenous regressors
in the estimates of Equation (1) and in comparison with
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the traditional ordinary least squares (OLS) estimator, a
proposed alternative estimator is the robust regression
approach. Authors like Berk [35], Nurunnabi et al. [36] and
Mays et al. [37] identi ied several advantages to account
for the bias and well‑known inadequacies of the tradi‑
tional OLS estimator in the context where the residu‑
als u are not normally independently and identically dis‑
tributed (normal i.i.d.). Robust regression outperforms
the traditional OLS regression by weighting the resid‑
uals to overcome potential problems of outliers (atypi‑
cal values) and abnormal observations. Tofallis [38] used
percentages to the errors (a weighted conversion of the
residuals) to overcome heteroskedasticity which is con‑
sidered a robust regression approach. Rousseeuw and
Leroy [39] discussed the importance of robust estimators
derived from the robust regression approach as an alter‑
native to the least squares method. Robust estimators
in contrast can reduce bias and provide more accurate
statistical inference.

The process to estimate the robust regression re‑
quires that we de ine the individual time period residual
(or error) as:

et = yt−α+
∑p

t = 1
βpyt−p+γ1x1+γ2Di+γ3(Di∗T )+δT

(5)
The estimates of the parameters are determined by

minimizing the residualswith aparticular objective func‑
tion of the form of:

∑T
t = 1 ρ (et) =

∑T
t = 1 ρ

[
yt − α+

∑p
t = 1 βpyt−p

+γ1x1 + γ2Di + γ3(Di ∗ T ) + δT
] (6)

where: ρ is the function which establishes the contri‑
bution for each residual at each time to the objective
function, according to Fox and Weisberg [40], the contri‑
bution is positive, implying ρ (et) ≥ 0, ρ (0) = 0, and
ρ (et) = ρ (−et). By de ining the set of contributions as
the in luence curve ϕ = ρ’ calculated as the derivative
of ρ, we can solve a model with a robust solution to the
problem with a weighting function:

w (ei) =
ϕ (ei)

ei
(7)

The weights at each time period residual are deter‑
mined by wi = w (ei). This is a process where the con‑
tribution of aweighted residual allows for the correction

of potential biases from the original residuals improving
the estimates. From this point, we selected the estima‑
tor proposed by Huber [41] and the bi‑weight estimator
described by Beaton and Tukey [42] as robust measures
in comparison to OLS.We performed diagnostics tests of
the residuals by checking the linear assumptions of cor‑
rect speci icationwithspeci ication test fromRamsey [43].
The omitted variables bias and absence of serial correla‑
tion were con irmed with tests outlined by Breusch [44]

and Godfrey [45], respectively. We also tested for the sta‑
bility of the parameters (time‑invariant parameters) for
the linear regression coef icients using the based cumu‑
lative sumof the residuals [46]. Homoscedasticity and sta‑
tionarity were tested using tests of Breusch [47] and En‑
gle and Granger [34]. Finally, the bound test of cointegra‑
tion (test of long‑run dynamics and non‑spurious regres‑
sions) from Pesaran, Shin and Smith [33] is applied to the
ARDL estimates. The assumptions mentioned were sat‑
is ied in the estimations, and they provide evidence of a
non‑spurious relationship that emerges between COVID‑
19 and the inancial crisis indicators over the FFPI.

3. Stylized Facts
The variables’ descriptive statistics are reported in

Table 1. FFPI monthly observations from January 1990
toNovember 2020 are sourced fromFAO [18]. World total
cases of COVID‑19 are obtained from ECDC [48].

The behavior of the inancial crisis of 2008–2009
can only be followed by shocks in the inancial market
indices (Figure 1). Although imperfectly, as a measure
of this crisis, we use the Dow Jones industrial average re‑
turns. It is sensitive to worldwide inancial shocks and
can be used to trace durations of severe hits of stock
market returns. This index also imperfectly captures the
“ inancialization” of commodities as a result of the rup‑
tures in the stock markets. Until November 2019, there
was no in luence of COVID‑19, and Figure 1 only re lects
the changes in the index during the period of the inan‑
cial crisis.

The FFPI shows an increasing trend in the period
associated with the inancial crisis (Figure 2). The as‑
sociation marks a new pattern in the prices from 2008,
which remained unstable over time in particular for de‑

85



Research onWorld Agricultural Economy | Volume 05 | Issue 04 | December 2024

Table 1. Descriptive statistics: Food Price Index and Covid‑19 world total cases.
Stats Food Price Index Δ Food Price Index Covid‑19World

Total Cases
Δ Covid‑19World

Total Cases

N 371 370 371 370
Min 64.39435 –14.7627 0 0
Max 129.3471 7.793537 5.77e+07 1.20e+07
Mean 88.3028 0.07788 539798 155962.1
P50 84.6699 0.0901895 0 0
Sum 32760.34 28.81559 2.00e+08 5.77e+07

Coef. Variation 0.1781714 31.04671 8.367651 7.42327
Standard Dev. 15.73303 2.417917 4516841 1157749

Variance 247.5283 5.846322 2.04e+13 1.34e+12
Source: Own calculations.

veloping economies [17]. From 2006 it is visible that
prices were already increasing, potentially due to the
change in the preferences of the investors towards en‑
ergy commodities, joinedwithpolicy restrictions, export
bans with protective taxes [15], and the beginning of the
“ inancialization” of the food commodities [17].

Figure 1. Financial crisis of 2008–2009 proxied by the Dow
Jones industrial average returns.
Note: The vertical lines represent the inancial crisis proxied by the dummy vari‑
able to represent the negative returns of the Dow Jones stock market between 

2007 and 2010. Using this approach, a total of 15 months has been identi ied 

where the inancial crisis has signi icantly decreased the returns of the stockmar‑
ket.
Source: Investing (2020).

Note: The red vertical lines represent the inancial crisis proxy by the dummy
variable. The blue square represents the COVID‑19 in luence.

Figure 2. Food Price Index time series.

Source: FAO (2020).

Figure 3 shows the positive and exponential in‑
creasing trend in total COVID‑19 incidences. As of
November 2021, and only after 1 year of the pandemic
outbreak, more than 57 million cases were globally re‑

It is important to witness that in the second half of 

2008, the FFPI decreased, potentially implying a rever‑
sion to the equilibrium once the inancial crisis emerged.
It is also important to remark that the Dow Jones index 

decreased in 2008 to its lowest value in 2002, –28.56 %.
The returns show the process through which the index 

tried to recover during the crisis (for example in 2009,
the return was 18.52%), but the volatility indicated on‑
going decreases in the returns value of the stock market 

during the crisis.

ported.

Figure 3. Covid‑19 world total cases.
Source: ECDC (2020).

4. Results
The unit‑root analysis in Appendix A (see Table 

A1) con irms the non‑stationarity of real FFPI and the 

world total cases of COVID‑19 in levels (see Table A2)
but the series are integrated of irst‑order I(1). By per‑
forming the regressions of the model in Equation (1)
and also the ARDL transformation, we have found evi‑
dence of cointegration according to the traditional En‑
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gle and Granger residual‑based test with a 5% level of
signi icance and the bound testing procedure [29] with
a 10% level of signi icance (see Table B2). Engle and
Granger’s residual‑based approach (see Table B1) indi‑
cates a stronger and more statistically signi icant long‑
run relationship between the variables in comparison to
the bound testing procedure of Pesaran, Shin and Smith.

The results of the ARX model (see Table C1) and
the ARDL (seeTable C2) in short and long‑run forms are
presented in Appendix C. The OLS estimates (see Table
C1) do not differ signi icantly from the robust regression
with the bi‑weight estimator of Beaton and Tukey. Ac‑
cording to the ARX model and the short‑run ARDL (see
Table C2), COVID‑19 has a positive and signi icant im‑
pact on the real FFPI. An increase of one million cases
pushes FFPI up with 0.0464 points at the 95% con i‑
dence level. Following the same logic, one hundred mil‑
lion new infections cause an overall increase in FFPI by
4.64 units. The results remain the same aswe shift to the
robust regressionmethodology. Yet the numbers change
slightly: an increase of one million new COVID‑19 infec‑
tions causes an increase of 0.0509 points to FFPI.

In comparison, the inancial crisis of 2007‑09 prox‑
ied by the dummy variable, Dow Jones monthly returns,
shows a stronger impact on FFPI by 110.7 points at the
95% con idence level. The results consider 15 inconsec‑
utive months from October 2007 (when the Dow Jones
started to react to the inancial crises) and November
2009. According to the estimations, FFPI recorded a
monthly average reduction of 0.189 units. The robust
regression results indicate a higher impact of the inan‑
cial crisis variable on FFPI, wherein an initial increase of
128.2 units was associated with peak months of crises,
followed by a gradual monthly decrease of 0.219, both
signi icant at 99% con idence level.

The results of the short‑run ARDL about the impact
of the exogenous variables model are not different in
comparison to the ARXmodel. Therefore, it is concluded
that the FFPI effects of the COVID‑19 and inancial crises
are nearly the same in the short‑run. The inclusion of the
error correction term to capture long‑rundynamics does
not change the impact of the variables on FFPI. The cor‑
rection term is negative and signi icant with a value be‑
tween zero and one, indicating a stable relationship over

the long run. The adjustment speed towards long‑run
equilibrium is around 3.6% eachmonth; this strongly in‑
dicates a signi icant long‑termhigher impact of the inan‑
cial crisis on FFPI relative to COVID‑19. This resultmight
be erroneous due to: 1) possible misspeci ication in the
cointegration form of the static long‑run equations [49],
and 2) the FFPI long‑run effects of COVID‑19 need to be
treated cautiously, as the pandemic started at the begin‑
ning of 2020, and it is still early to claim conclusive evi‑
dence about its long‑term effects.

5. Discussion and Policy Recom‑
mendations
Based on our primary results, it is evident that both

the COVID‑19 pandemic and the 2008–09 inancial crisis
led to signi icant increases in world average food prices,
as measured by the monthly FFPI indicator. The effects
were asymmetrical in both time and magnitude. In the
short term, the inancial crisis had amore substantial im‑
pact on the FFPI, raising it by about 110.7 to 128.2 units
when the inancial crisis started (proxied by the negative
returns of the Dow Jones starting in 2007). However,
this major shock began to gradually reverse each month
by an average of 0.189 to 0.219 units on the FFPI, sug‑
gesting a return tomarket equilibrium. This pattern con‑
trasts sharply with the impact of COVID‑19 on the FFPI,
where price increases were closely tied to the continu‑
ally rising total number of con irmed infections world‑
wide.

Considering the information available up to Octo‑
ber of 2023 of the Coronavirus Resource Center [50] the
infections reached a total count of 676.6 million people,
which according to our estimations implies a positive
shock over the FFPI between 127.88 and 148.18 accord‑
ing to the econometrical models. Over the short‑run, the
effect is greater from the inancial crisis, but over the
long‑run the COVID‑19 pandemic surpasses it.

There are several reasonswhich can explain this be‑
haviour. COVID‑19 has been reported to affect the irst
sector of the economies across the world [10]. This situ‑
ation led to a rupture in the entire agricultural supply
chain. First, a shortage of labor started to emerge as
COVID‑19 was propagated by direct contact, and then
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the producers had to face an increase in the costs of in‑
puts of the sector. The lockdowns and social distance
policies restricted the production and trade of the agri‑
cultural chain. The food industry inside the primary
sector (like the rest of the sectors) began to shrink, in‑
creasing the overall prices; whereas the demand during
the outbreak was likely increased due to rational expec‑
tations and survival [51, 52]. This coincides with the ar‑
guments of Kawakatsu et al. [10] for Ghana, where the
mass quarantines, prevention measures and transporta‑
tion problemsderived fromexacerbating food insecurity
are re lected in signi icant increases in prices. These re‑
sults also align with the indings of Lu kin [21], where the
output of the agricultural sector decreased. More impor‑
tantly, the situation presented by Maqbool, Farhan and
Qamar [11] is con irmed, and this relates to the increase in
prices and negative impact on the agricultural output. In
this scenario, COVID‑19 can be interpreted as an exoge‑
nous shock in luencing both the costs of production and
the lack of technologies to overcome productivity shut‑
downs.

Turning the discussion to the inancial crisis, it is
clear that over the short‑run the impact on the food
prices is quite signi icant, this is explained by the shocks
which deviate the market equilibrium in the inancial
markets and affect the real market economy. This result
coincides with the indings of Manogna et al. [17], where
in the BRICS countries, increased price volatility threat‑
ened the food security. The phenomena of “ inancializa‑
tion of agricultural commodities” started to emerge, af‑
fecting the average price of food worldwide due to the
inancial crisis.

Our policy recommendation related to the out‑
break of pandemics is to promote subsidies from the
public sector to the agriculture sector in the short run.
The studies from subsidies in Uganda [53] re lected that
inancial support for the producers of the agricultural
sector can alleviate the effects of the COVID‑19 outbreak.
In particular, this result holds for the farm producers
whomanaged to have positive production and increases
in their income from agricultural activities compared to
those farmers who did not get any subsidy or support
from the government. Local government intervention is

agriculture. This is proven to reduce the time of recov‑
ery from the economic consequences of COVID‑19. Over
the long run, as shown in the econometrical estimations,
the pandemic can contain greater consequences in food
prices. Therefore, investment in health research and de‑
velopment must be a common goal across nations [54].
When the research for health, and development has a
ixed or increasing budget from the government, the
likelihood to respond adequately towards biological out‑

crucial to maintain the equilibrium in the supply side of

breaks increases.
Regarding the recommendations for the impact of

the inancial crises on food prices, marketsmust contain
a form of regulatory scheme when food security is vul‑
nerable. In particular, Manogna et al. [17] highlighted that
developing economies tend to suffer from the “ inancial‑
ization” of the commodities, subject to the rules of inan‑
cial markets including speculation. The volatility that
emerges in the inancial markets affects the stability of
the realmarket production,which is amotive to promote
strict and clear rules about the prices in agriculturalmar‑
kets, particularly for those that can threaten food secu‑
rity.

6. Conclusions
This research contributes to the existing literature

strand on COVID‑19 socioeconomic effects. As the pan‑
demic is far from over, the damage toll is growing, in
particular for poor and vulnerable people and nations.
Health crises are getting more frequent, and assessing
their ensued effects on global supply chains and demand
patterns is inevitable. Understanding how thepandemic,
in comparison with the 2008 Financial crisis, has af‑
fected global food prices is required to unfold and solve
some of the current pandemic, as well as possible future
crises and expected adverse effects. Veritably, food in la‑
tion constitutes a major component in general rates of
in lation in developing and developed countries. Food
price volatility and hikes, even if short‑term, increase
poverty, malnutrition and food insecurity, foster social
unrest and dampen people’s living standards. Our em‑
pirical results show that, over the short run, the current
pandemic has lifted food prices, wherein 1 million new
infection cases are associatedwith an increase of 0.0509
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points in FFPI. However, it should be noted that COVID‑
19 resulted fromboth thedemandand supply side; while
the 2008 crisis resulted from the supply side only. The
overall results indicate that both the inancial crisis and
the COVID‑19 pandemic have had a short‑run immedi‑
ate augmenting impact on food prices. Over the long
run, COVID‑19 represented a major shock in compari‑
son to the inancial crisis of 2008, as 676.6 million infec‑
tions took place up to October of 2023 considering the
data of Brown et al. [46] drastically increasing the FFPI.
The asymmetries from our empirical results imply that
the shocks from the inancial crisis are larger only in the
short‑run compared to the COVID‑19 outbreak, but over
the long run these change dramatically given the num‑
ber of infections, harming the supply and demand sides
of the food production, elevating the price over the long‑
run, yielding in more damage to the welfare. In contrast,
the inancial crisis has a pattern of recovery towards the
equilibria which reduces and normalizes the impact on
the FFPI over time.

This research can be extended by using other
econometrical approaches, including vector‑auto regres‑
sions with potential cointegration, the development of
structural vector autoregression models, and if data
availability allows, the use of panel data frameworks
with commonperiodicities. In particular, if stable data of
the food prices index can be acquired worldwide, along
with other econometrical controls, it is possible to per‑
form panel vector autoregressions. Similarly, if panel
data is available, a dynamic stochastic general equilib‑
rium model can be formulated, which can shed light on
the dynamics of the response of the agents and the dam‑
ages in the output of the economy.
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Appendix A. Unit Root Tests

Table A1. Ideal lag selection for Food Price Index and Covid‑19 world total cases.
Lag LL LR df p FPE AIC HQIC SBIC

0 –1532.76 249.751 8.35834 8.36257 8.36898
1 –844.391 1376.7 1 0.000 5.89796 4.61248 4.62094 4.63377
2 –824.564 39.654 1 0.000 5.32285 4.50989 4.52257 4.54181*
3 –822.048 5.032* 1 0.025 5.27906* 4.50162* 4.51854* 4.54419
4 –821.864 0.36848 1 0.544 5.30258 4.50607 4.52721 4.55928

Note: Selection‑order criteria, Sample: 1990m5–2020m11, Number of obs = 367.

Table A2. Augmented Dickey‑Fuller Test of unit‑roots.
Variable Z‑Statistic 5% Critical Value P‑Value Decision

Food Price Index –2.166 –2.875 0.2189 Unit‑root
Δ FoodPriceIndex –8.619 –2.875 0.0000 Stationary
Covid Total Cases 4.648 –2.875 1.0000 Unit‑root
Δ Covid Total Cases –24.004 –2.875 0.0000 Stationary

Note: The symbol Δ represents the irst difference operator. The tests are presented with the normal ADF speci ication, the speci ications with trend, no constant,
drift have as a result the same decision. The test is evaluated at ideal lag = 3 for the variables in levels and lag = 2 in irst differences.
Source: Own authors.

Appendix B. Cointegration Tests

Table B1. Engle and Granger Residual‑based test of cointegration (stationarity of the residuals).
Test Statistic 1% Critical Value 5% Critical Value 10% Critical Value

Z(t) –19.201 –5.858 –5.297 –5.005
Note: Engle‑Granger test for cointegration has as a null hypothesis the statement of H0: No cointegration (Residuals are not stationary), against H1: Cointegration
(Stationary Residuals), critical values fromMacKinnon. In this case we strongly reject the null hypothesis of no cointegration, thus we accept the alternative hypoth‑
esis that the series are cointegrated given the stationary behavior of the residuals with a 1% level of signi icance.
Source: Own calculations using Stata 16.

Table B2. Pesaran, Shin and Smith Bounds testing procedure.
Con idence Level of Critical Values 10% 5% 1% p‑Value

Integration Order I(0) I(1) I(0) I(1) I(0) I(1) I(0) I(1)
F 3.177 4.127 3.813 4.843 5.208 6.387 0.005 0.019
t –

2.565
–

3.215
–

2.863
–

3.534
–

3.441
–

4.140
0.016 0.087

Note: H0: no level relationship, Selected Case 5: Unrestricted Intercept, Unrestricted time trend, assumed to be exogenous the interaction termwith the linear time
trend in the ARDL model, the above table presents the Kripfganz and Schneider critical values and approximate p‑values.
Source: Own calculations using the Stata package of Kripfganz and Schneider.
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Appendix C. Regression Outputs

Table C1. OLS and robust regression of the ARX model.
OLS Robust reg

Variables FoodPriceIndex FoodPriceIndex

L.FoodPriceIndex 1.245*** 1.249***
(0.0521) (0.0439)

L2.FoodPriceIndex –0.163* –0.142**
(0.0834) (0.0703)

L3.FoodPriceIndex –0.118** –0.131***
(0.0531) (0.0447)

Covid_total_cases 4.64e–08* 5.09e–08**
(2.68e–08) (2.26e–08)

D 110.7** 128.2***
(53.11) (44.73)

Trend 0.00338** 0.00192
(0.00157) (0.00132)

D*Trend –0.189** –0.219***
(0.0910) (0.0766)

Constant 1.338* 1.123*
(0.729) (0.614)

Observations 368 368
R‑squared 0.980 0.986
Prob > F 0.0000 0.0000

Notes: OLS regression and robust regression of Equation (1) are done without the ARDL short and long‑run forms, which is equivalent to a short‑runmodel. Slightly
different results can be seen in most of the parameteres, where the R‑squared of the robust regression is higher.
Source: Own calculations.

Table C2. ARDL model regression.
Form of the Model: ARDL: SR ARDL: LR

Variables D.FoodPriceIndex Variables FoodPriceIndex

ECT –0.0359281***
(0.010948)

LD.FoodPriceIndex 0.2809903***
(0.051802)

LD2.FoodPriceIndex –0.1176096**
(0.0530858)

D.Covid_Total_Cases 4.64e–08* L.Covid_Total_Cases 1.29e–06*
(2.68e–08) (7.43e–07)

D 110.7** L. D 3080.814**
(53.11) (1611.944)

Trend 0.00338**
(0.00157)

D*Trend –0.189**
(0.0910)

Constant 1.338*
(0.729)

Observations 368 Observations 368
R‑squared 0.980 R‑squared 0.986
Prob > F 0.0000 Prob > F 0.0000

Notes: The table presents the short‑run and long‑run coef icients by an ARDL (3,0,0) model. Only contemporaneous values were allocated in the ARDL structure for
exogenous variables. The cointegration test of the model is presented in Appendix B, in the section of the Pesaran, Shin and Smith Bounds testing procedure. The
error correction term is presented in the short‑run model, where it satis ies the condition to be negative, between 0 and 1 and statistically signi icant.
Source: Own calculations.

93


	Introduction
	Methodology
	Stylized Facts
	Results 
	Discussion and Policy Recommendations
	Conclusions

