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Abstract: This paper investigates the impact of Covid-19 pandemic on food waste using an original
dataset from 176 agrifood business operators in the European Union (EU). Our objective is to
assess whether and why the pandemic crisis affected food waste level. Unlike previous studies that
addressed the issue at a consumer level, our research focuses on pre-consumption waste covering
stages of the agrifood supply chain from input suppliers to retailers. Considering the importance
of waste reduction for the sustainability of food production, the study provides an insight into the
ability of the agrifood supply chain to cope with a major shock and its resilience. A multinomial logit
regression model is used to estimate the effect of Covid-19, testing whether the ability to innovate,
the role in the supply chain, the magnitude of the shock and policy support were drivers of changes
in food waste. We find that three main factors affect the change in a firm’s food-waste level during
the Covid-19 pandemic: The magnitude of the disruption of the sale channel, the firms’ ability to
adapt the business model to the new pandemic environment, and the adoption of public policies
mitigating the lockdown effects. The first driver was associated with an increase in food waste, while
the others were associated with a decrease.

Keywords: Covid-19; food waste; agrifood supply chain

1. Introduction

The Covid-19 pandemic had considerable effects on vital sectors of the world econ-
omy [1]. In the food sector, the Covid-19 pandemic has disrupted supply chains raising
concerns on food security (e.g., [2–5]) and resilience to shocks (e.g., [6,7]). Nevertheless, the
agrifood supply chains in the European Union (EU) responded to the Covid-19 pandemic
disruption better than other sectors [8,9].

This paper investigates the impact of Covid-19 pandemic on food waste in the EU
agrifood chain. The topic is motivated by the importance of food waste as a key dimension
of the agrifood system performance. Nearly one third of food is discarded every year
from agrifood supply chains globally (approximately 1.3 billion tons) before reaching final
consumers [10] with an annual cost of over 143 billion Euros in the EU alone [11]. Tackling
food waste helps deal with food insecurity [12–15], preserves natural resources [10,16], and
promotes sustainable practices in agrifood supply chains [14]. Food waste reduction is a
policy objective, as well. The 2015 sustainable development goals (SDGs) targets reducing
global food waste at every segment of agrifood supply chains, and food waste is part of the
monitoring framework in EU Commission’s plan for circular economy [17]. Investigating
the effects of Covid-19 pandemic on food waste provides an important insight into the
resilience of agrifood supply chains and its ability to preserve sustainability even when
coping with systemic shocks.

An original dataset from 176 agrifood business operators in the EU was used to explain
changes in food waste during the first Covid-19 lockdown. Our analysis moves from the
fact that the Covid-19 pandemic has an indirect impact on food waste. Food waste is
the result of a complex set of drivers, by affecting these drivers, the Covid-19 pandemic
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outbreak generates a variation (positive or negative) in the amount of waste. The goal of
this paper is to identify and describe this process.

The main contribution of this paper to the existing literature is a supply chain approach.
To the best of our knowledge, studies assessing the impact of Covid-19 pandemic on food
waste mainly concerned the consumer (e.g., [17–21]), with other actors and processes in the
agrifood supply chain being rarely mentioned. The paper addresses this gap in the literature by
providing an understanding of Covid-19 pandemic effect on food waste in pre-consumption
stages of the agrifood supply chain (from input suppliers to retailers and services).

The remaining part of the paper is organized as follows: Section 1.1 provides a brief
review of the literature on drivers of food waste in pre-consumption stages of the agrifood
supply chain, from input suppliers to retailers and services. Section 2 debates the effects of
Covid-19 pandemic on the drivers, illustrates the dataset, and presents the econometric
model. Sections 3 and 4 report the results of the empirical investigation and a discussion of
the findings, and Section 5 concludes.

1.1. Pre-Consumption Food Waste Drivers

Food waste refers to food discarded in agrifood supply chains from farm to fork [22,23].
For the purpose of this paper, we identify two types of waste: Pre-consumption waste
and consumption-related waste. The former focuses on the interconnected processes
and entities within agrifood supply chains, from input suppliers to retailers and services
excluding the consumer (e.g., [24,25]), while the latter primarily focuses on the consumer
(e.g., [26,27]). In our analysis of Covid-19 pandemic impact, we focus on pre-consumption
waste alone.

In this section, we briefly review the literature on pre-consumption food-waste drivers
that is instrumental to our investigation (for more exhaustive reviews, see [10,12,28,29]).

The existing literature proposed several classifications of pre-consumption food
drivers; [10] identified financial, managerial, and technical factors; [29] grouped by tech-
nological, institutional, and social issues, and [12] classification was based on the effect of
modernization on agrifood systems—where the focus was on economic growth, urbaniza-
tion, industrialization, and globalization–, socio-demographic factors, and cultural factors.
However, these classifications were ill-suited to our analysis of Covid-19 impact in the EU.
In fact, they emphasize technical and development factors that can be considered as given
in our analysis and may have a low explanatory power.

For the purpose of our research, we clustered pre-consumption food-waste drivers from
the existing literature into five groups: Human capital, Infrastructures, Market, Public Action,
and Environment (Table 1). Compared to the classifications in [10,12,29], our taxonomy
focuses on the origin and cause of the drivers rather than their nature. For example, technical
factors were included into Human capital drivers (if failing to adopt a technology is due to
mismanagement or lack of skills) and Market drivers (if the issue is due to imperfection in
the credit market). Similarly, losses of edible food due to rejection for lack of conformity to
quality standards were included into Public Action drivers (if the standards were imposed by
public regulations) and Market drivers (if they were contractual arrangements).
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Table 1. Food waste drivers in agrifood supply chains.

Reference Author/s Example/s of Food Waste Drivers

Human Capital Drivers

[10,29,30]
Canali et al. (2017), Raak et al. (2017), Gustavsson

et al.
(2011)

Overproduction

[31,32] Silvennoinen et al. (2019), Bilska et al. (2020) Over-preparation

[28] Parfitt et al. (2010)

Premature harvesting, poor harvesting
technique, and

process loss, contamination in process,
inappropriate

packaging
[33] FAO (2019) Labor unavailability/cost
[34] Gunders (2012) Unskilled Labor

[12,35] Thyberg and Tonjes (2016), Mena et al. (2011) Poor forecasting
[28,36] Parfitt et al. (2010), Kantor et al. (1997) Poor handling

Market Drivers
[25,34] Johnson et al. (2019), Gunders (2012) Low prices

[28] Partiff et al. (2010) Lack of capital, credit constraint
[32] Bilska et al. (2020) Excessive ordering

Public Action Drivers
[37] Griffin et al. (2009) Subsidies

[29,38] Waarts et al. (2011), Canali et al. (2017) Food safety and hygiene regulations, Import
controls

Infrastructure Drivers
[10,12] Thyberg and Tonjes (2016), Gustavsson et al. (2011) Inadequate transport infrastructure

[10,29,39] Canali et al. (2017), Gustavsson et al. (2011), Adam
(2015) Lack or insufficient storage facilities

[12,28] Parfitt et al. (2010), Thyberg and Tonjes (2016), Poor storage
[10] Gustavsson et al. (2011) Lack of processing facilities

Environmental Drivers

[22,24,28]
Parfitt et al. (2010), Aulakh et al. (2013),

Kulikovskaja
and Aschemann-Witzel (2017)

Pests attack and diseases

[33] FAO (2019) Excess rainfall or lack of rainfall

Source: Authors’ elaboration.

Human capital drivers capture managerial decisions and technical skills that result
in food waste along agrifood supply chains. This category includes several factors such
as the effects of mismanagement, wrong production decisions (e.g., [10,28,30]) including
overproduction [10,29,30], over-preparation [31,32], and premature harvest [28]. Lack of
managerial and agronomic skills [10], labor availability/or cost [33], and worker skills [34]
contribute to food waste as well since they can result in the use of poor techniques in har-
vesting, product preparation or handling [28,36]. Error in forecasting stochastic demand
or inability of sharing accurate information [35,40] may lead to wrong production deci-
sions [12,35], overstocking [12], and ultimately to food waste. Food waste caused by bad
managerial decisions and poor technical skills may also come in the form of poor practices
at the farm level (resulting in food left to remain on the field, food that gets damaged during
harvesting, food eaten by pests and birds on the field, food ploughed into soil [12,28]),
manufacturing level (e.g., food contaminated or damaged in the production process [12])
or in services (e.g., kitchen waste, customer plate waste, and buffet leftovers [31]).

Market food waste drivers capture the buyer-seller interactions along the agrifood
supply chain ultimately resulting in food waste. Farmers may decide to restrain from
harvesting and leave food in the field if the market price is too low [25,34]. Thus, an
intersection of human capital drivers and market drivers can cause an increase in food
waste in an agrifood supply chain. Imposing stringent food quality standards may also
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be associated with an increase in food waste, as firms and growers may fail to meet the
requirements [25,34,39]. This group includes the effects of imperfection on capital markets,
since the lack of capital and credit constraints may lead to food waste [41]. Excessive
ordering contributes to the amount of food waste at the food service stage in agrifood
supply chains [32].

Several contributions in the literature remarked the effects of public action on food
waste (e.g., [29,38,42]). Examples include tax schemes or subsidies leading to overproduc-
tion [37] or regulations requiring discarded food not to be given to animals as feed [38,43].
In general, strict food safety and quality regulations may lead to waste if they lead to
discarding edible food [29,38,43], even though improved quality controls can prevent
losses [43,44]. Import controls may lead to food waste as well [29,38] if it takes too long to
control imported food [38]. The longer import controls take, the nearer food gets closer
to their ‘use by’ or ‘date before’ consumption. As a consequence, food may expire before
reaching final consumers.

Infrastructural issues contribute to food waste in agrifood supply chains. They include
inadequate transport infrastructure [10,12,36], lack or insufficient storage facilities [10,29,39],
poor storage [12,28], and lack of processing facilities [10]. Although these drivers are
identified as predominant causes of food waste in developing countries [10], business
operators in developed countries may consider this for international trade purposes [29].

Environmental drivers include natural factors generating food waste directly. These
drivers include animal and crop diseases and pests, extreme weather events destroying
crops, and climate change affecting agrifood production [45]. Furthermore, production
provisions to curb the effect of unexpected environmental event may result in overproduc-
tion of needed food quantity, thus contributing to food waste, with an interaction between
environmental and human capital drivers [10].

The Covid-19 pandemic was not included in environmental food waste drivers since
it is a human disease with no immediate effects on crops or animals [3]. Unlike other
diseases (such as bird or swine flu) that cause a loss of food directly, the waste happens
as a consequence of demand shocks or production and logistic disruption of the agrifood
supply chain. The Covid-19 pandemic determines changes in the main food-waste drivers
and consequently affects food waste indirectly. In Section 2, we elaborate on this point and
illustrate the empirical model.

2. Materials and Methods
2.1. The Impact of Covid-19 Pandemic on Drivers of Food-Waste

The Covid-19 pandemic can be considered as a systemic shock to the entire agrifood
supply chain affecting the food waste drivers. The conceptual framework is summarized
in Figure 1.

Figure 1. The indirect impact of Covid-19 pandemic on food waste.
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Figure 1 illustrates indirect effects of Covid-19 pandemic on the pre-consumption food-
waste drivers. In our analysis, we assumed that the pandemic did not affect environmental
and infrastructural drivers. Although effects might arise in the long run, the short time
horizon of the investigation did not allow us to capture them. Thus, our analysis focused
on the Market, Human Capital, and Public Action drivers.

The Covid-19 pandemic resulted in a disruption in the agrifood supply chains both
on the demand and the supply side [3,6]. On the supply side, restrictions to movement
of workers and goods affected production and the insurgence of contamination events
induced sudden stops that were particularly severe in highly concentrated industries.
These consequences affected the buyer-seller interaction along the agrifood supply chains,
increasing risk, volatility, and the probability of trade failure. The containment measures,
such as lockdown, resulted in dramatic changes in food demand such as panic buying and
hoarding, diet change and drop in the demand for food services (e.g., [46]). Based on the
literature on market drivers, we hypothesize that firms that faced trade disruption due to
the effects of Covid-19 pandemic, on average, were more likely to incur in more food waste
compared to the pre-pandemic level. On the other hand, panic buying and stockpiling
consumer behavior may determine a reduction of food waste at retail stores in the short
run. As a consequence, we hypothesize that retailers may experience a reduction of food
waste during lockdown.

The change in the economic and social environment during the Covid-19 pandemic
was a challenge for several agrifood businesses [6]. In this regard, we expect that human
capital may favor the adoption of resilience strategies. We hypothesize that firms that
were unable to change their operations to meet the crisis were also associated with worse
performance in terms of food waste than those who were able to innovate.

The pandemic elicited a strong response from policy makers [47]. An intense debate
originated on the optimal balance between protection of public health and business support
during the Covid-19 pandemic crisis. In the attempt to cope with the emergency, several
measures have been adopted to contain the virus and protect the economy at the same time.
The lockdown was accompanied by specific actions to compensate firms’ financial losses
and mitigate the impact on vital sectors of the economy. The intense public action affected
the institutional environment, which is one of the food waste main drivers. We expect that
public support was associated with a better performance in terms of food waste.

The conceptual framework provided several testable hypotheses on the effect of the
Covid-19 pandemic on food waste. Table 2 summarizes the testable hypothesis. For an easy
reference, we defined a better (worse) relative performance in terms of food waste (RFWP) of a
group of firms as the higher (lower) likelihood of experiencing a reduction of food waste
and/or the lower (higher) likelihood of experiencing a food waste increase with respect to
a control group.

2.2. The Empirical Investigation

An econometric model was used to test the hypotheses in Table 2. Based on the
conceptual framework, the model was specified as follows:

E(∆FWi) = f (∆Mi, ∆HCi, ∆PAi, Z|β ) (1)

where E(∆FWi) is the expected change in food waste during the lockdown period for firm
i, ∆Mi, ∆HCi, ∆PAi are vectors of variables measuring the effect of Covid-19 pandemic on
the Market, Human Capital, and Public Action food-waste drivers, respectively; Z is a set
of additional explanatory variables and β is a vector of parameters to be estimated. The
potential problem of multicollinearity was tested with the collin comand in Stata, which
return a VIF < 10, which was considered acceptable [48].
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Table 2. Testable hypotheses on relative food waste performance (RFWP) during the Covid-19
lockdown period.

Hypothesis 1
(trade disruption
effect)

H0: Trade disruption during lockdown did not determine a worse RFWP.
H1: Firms that experienced trade disruption during lockdown, on
average, had a worse RFWP than others.

Hypothesis 2
(retail effect)

H0: The expected RFWP of retailers is not different from the expected
RFWP of firms in other stages of the agrifood supply chain.
H1: H1: On average, better Retailers’ RFWP as compared to other firms
during lockdown.

Hypothesis 3
(innovation effect)

H0: Business innovation did not determine better RFWP
during lockdown.
H1: Innovative firms, on average, had better RFWP than others
during lockdown.

Hypothesis 4
(policy effect)

H0: Public intervention did not enhance RFWP.
H1: Public intervention enhanced RFWP.

Since the dependent variable was categorical, a multinomial logistic regression model
was used to predict the probabilities of category membership on a dependent variable
based on multiple independent variables [49]. Multinomial logistic regression is a simple
extension of binary logistic regression that allows more than two categories of the depen-
dent or outcome variable [49]. We used the maximum likelihood estimation to evaluate the
probability of categorical membership.

The log odds of occurrence of food waste with respect to the reference category (here,
the first) is described as follows:

l = Loge

(
yi = k
yi = 1

)
= β0 + β1x1 + β2x2 +, . . . ,+ βkxk + εi (2)

where l is the log odds, β j is the jth coefficient of the equation, and εi is the error term and
the x’s are the variables in the vectors ∆M, ∆HC, ∆PA and Z. The interpretation of the β j
coefficients is not always straightforward since, unlike binary models a positive sign on
a coefficient in an MLM does not necessarily mean that an increase in the independent
variable corresponds to an increase in the probability of choosing a particular mode of
entry [50,51]. Furthermore, the relationship between the explanatory variables and the
probability of a given choice outcome is nonlinear and may even change sign across the
distribution of a single predictor. Thus, based on Equation (1), the marginal effects of the
model are also calculated and presented. The marginal effects are defined as the slope of the
prediction function at a given value of the explanatory variable and thus inform us about
the change in predicted probabilities due to a change in a particular predictor [52]. This has
made authors argue that if one wishes to draw valid conclusions about the direction and
magnitude of the relation between an independent and dependent variable in an MLM,
one must calculate marginal effects [52].

2.3. Dataset

The data for the estimation of Equation (2) were obtained from an existing dataset
that was collected by the Joint Research Centre (JRC) of the European Commission. To
understand the impact of Covid-19 pandemic on agrifood business operators, JRC launched
and administered an online questionnaire across operators in the EU agrifood supply chains.
A non-probabilistic sampling design was used. While random sampling would clearly
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have been preferable, it was not possible to obtain contact records for the sampling frame
due to the lack of available research panels database for farmers or other business operators
at the EU level. A limited number of contacts were however retrieved through available
online panel databases especially for food services providers and business companies
registered in these online panels. The use of a non-probabilistic sample does not guarantee
a national representativeness and does not provide reliable prevalence data. However,
basic descriptive analyses and explorations of potential associations can be appropriate
in such surveys [53] and were used in a large part of Covid-19 pandemic studies so far
(e.g., [54,55]). For the recruitment, survey weblinks were shared through social media,
key EU stakeholders, associations, public officers, and umbrella organizations across EU
member states.

In total, invitations were sent to 2466 business operators and almost 200 organizations,
stakeholders, and public officers for dissemination. Two hundred and eighty questionnaires
were collected from business operators across EU member states. Then, 104 incomplete
questionnaires were discarded and the final sample size was 176 valid observations.

The study questionnaire consisted of five different sections: (i) General, where in-
formation on the characteristics of the businesses (i.e., headquarter, sector, stage in the
agrifood supply chain, turnover, etc.), and activities were collected; (ii) impact, where
operators were invited to provide information on the impact of Covid-19 pandemic out-
break on different areas (input, production, sale, labor, logistics, and financial resources);
(iii) measures, describing the main actions that firms took to cope with the effects of the
pandemic (including the access to public support); (iv) future perspective and prepared-
ness; and (v) a final small section for collecting individual information of participants. The
questionnaire included Likert scales, single and multiple choice, and open-ended questions.
It took approximately thirty minutes to complete and respondents were not compensated.

The questionnaire was first developed in English, then translated into all EU languages
using professional translators, and piloted with five participants to examine feasibility,
clarity, errors, and other issues. It was hosted on the European Commission online survey
platform and launched on 14 July 2020 and closed 15 January 2021.

The results of the dataset were used to measure the variables in Equation (2). The
dependent variable ∆FWi, was obtained by combining the response from a five-scale
question on the level of food waste as compared to the situation before the Covid-19
pandemic. Due to the limited number of responses in the extreme categories, the variables
were recoded into three categories ranging from ‘No change/Not applicable’ (=1), ‘Increase
1–50%’ (=2), ‘Decrease 1–50%’ (=3) (Table S1).

Given the high number of items in the questionnaire compared to the number of
observations, a selection of the model variables was necessary. The independent variables
were chosen using a three-step procedure. First, each variable was included in one of the
vectors ∆Mi, ∆HCi, ∆PAi or Z (or discarded if irrelevant). Then, they were selected by
initial testing through univariate analysis and those showing a significant association with
the dependent variable (p < 0.05) were entered into the full model and backward stepwise
regression analysis was then used to select the final significant variable set. Table 3 reports
the model variables. For simplicity, the subscript i is dropped henceforth.
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Table 3. Sample characteristics (n = 176).

Variables Description Frequencies
n. %

Dependent variable
∆FW Change in food waste during lockdown

No change/Not applicable 113 64.20
Increase 13 7.39
Decrease 50 28.41

DM Market Drivers
DPB More delayed payments from buyer(s)

From 1 meaning not changed at all 43 24.43
2/5 15 8.52
3/5 46 26.14
4/5 39 22.16

To 5 meaning changed at large extent 33 18.75
DPS More delayed payments to input provider(s)

From 1 meaning not changed at all 83 47.16
2/5 9 5.11
3/5 51 28.98
4/5 20 11.36

To 5 meaning changed at large extent 13 7.39

DHC Human Capital Drivers
EOL Enhance/develop online selling (EOL = 1) 58 32.95
SAS Search for alternative suppliers (SAS = 1) 58 32.95
SAB Search for alternative buyers (SAB = 1) 85 48.30
LAB Add labels safety rules (LAB = 1) 6 3.41

DR Regulation Drivers
UNB Self-employed unemployment benefits (UNB = 1) 11 6.25
DSC Delayed social security contributions (DSC = 1) 42 23.86
FCM Facilitation of cross border mobility (FCM = 1) 16 9.09

OLP Online job platform created by authorities (OLP =
1) 8 4.55

Z Other Explanatory Variables
STA Stage in the chain:

Input providers 9 5.11
Farmers, Farmer association 70 39.77

Manufacturers 76 43.18
Intermediaries 10 5.68

Retailers, Food Services 11 6.25
ANP Animal and animal related production (ANP = 1) 42 23.86

Source: Authors’ elaboration based on the JRC online survey.

3. Results
3.1. Descriptive Statistics

The sample descriptive statistics were provided in Table 3. The farmers and farmer
association (including POs) comprised 70 (40%) of the study sample. In addition, 43% were
manufacturers, 6% intermediaries, 6% retailers or food services, and 5% input providers. Less
than one-fourth of the study sample operates in the livestock and animal product sector.

The Covid-19 pandemic outbreak affected production sustainability. In addition, 7% of
respondent reported that food waste increased as compared to the pre-Covid-19 pandemic
period, while about twice as much experienced a reduction in food waste in the same period.

Almost half of participants reported a more delayed payments from buyers during
the Covid-19 pandemic as compared to the pre-pandemic situation. The findings show that
during the lockdown, participants implemented different mitigation strategies to cope with
the supply disruption. In particular, 33% of participants looked for alternative suppliers,
while 48% switched to alternative buyers. Similarly, 33% of them explored different selling
channels such as an online sale, while the share of operators that add labels referring
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to compliance to Covid-19 pandemic safety rules account for 3%. The label refers to a
voluntary initiative by agrifood firms at early stages of the Covid-19 pandemic outbreak.
Firms used to guarantee consumers compliance with strict hygiene practices at all stages of
the supply chain, at a time when the way of transmission/infection of Covid-19 was not
clear (and concerns were spreading that food related contagion was possible).

In response to the Covid-19 pandemic, the government intervened by implementing a
wide set of measures to support operators in different sectors. These interventions policies,
while heterogeneous across countries and regions, all aim to make the agrifood supply
chain resilient to the Covid-19 pandemic outbreak. From the results, we observed that 6%
of the study sample benefit from unemployment economic support, 24% from delayed
deadline for social security contributions, 9% from facilitation of cross border mobility, and
5% from an online job platform created by authorities.

3.2. Regression Results

Table 4 reports the regression results. Looking at the model fit statistics, we observe
that the likelihood ratio (LR) test of our model is significant (p< 0.001, R2 = 0.272), meaning
that at least a subset of the predictors has non-zero effects.

Table 4. Regression results.

Var.
Coefficients Marginal Effects

Increase Decrease No
Change Increase Decrease

DM
DPB 16.26 *** 0.971 −0.66 *** 0.94 *** −0.28

(0.63) (0.74) (0.18) (0.22) (0.15)
DPS 0.34 0.40 −0.059 0.01 0.05

(0.69) (0.50) (0.07) (0.04) (0.07)

DHC
EOL 1.08 1.82 *** −0.26 *** 0.017 0.24 ***

(0.65) (0.48) (0.06) (0.03) (0.05)
SAS −0.01 0.95 * −0.11 −0.025 0.14 *

(0.74) (0.47) (0.06) (0.04) (0.06)
SAB 0.78 0.77 −0.12 0.026 0.09

(0.85) (0.51) (0.07) (0.05) (0.07)
LAB −15.36 *** 0.61 0.44 * −0.93 *** 0.49 **

(1.11) (0.92) (0.20) (0.21) (0.16)

DR
UNB −15.70 *** 0.14 0.51 * −0.93 *** 0.42 **

(1.61) (0.91) (0.21) (0.23) (0.16)
DSC 1.82 ** 1.08 * −0.19 ** 0.08 * 0.11

(0.66) (0.54) (0.07) (0.04) (0.07)
FCM −15.83 *** 0.71 0.45 * −0.96 *** 0.51 ***

(0.74) (0.73) (0.19) (0.22) (0.15)
OLP −15.93 *** −2.13 * 0.79 *** −0.89 *** 0.10

(1.37) (1.07) (0.19) (0.22) (0.18)

Z
STA

Input prov. −0.40 −2.78 0.33 0.10 −0.44 *
(1.57) (1.61) (0.19) (0.14) (0.21)

Farmers −1.68 −1.97 * 0.31 ** −0.03 −0.28
(1.37) (0.85) (0.12) (0.09) (0.15)

Manufact. −1.62 −2.40 ** 0.37 ** −0.01 −0.35 *
(1.37) (0.89) (0.12) (0.09) (0.16)



Agronomy 2021, 11, 1063 10 of 14

Table 4. Cont.

Var.
Coefficients Marginal Effects

Increase Decrease No
Change Increase Decrease

Intermed. −1.68 −3.43 ** 0.47 ** 0.00 −0.47 **
(2.35) (1.27) (0.16) (0.16) (0.16)

ANP 0.45 0.78 −0.11 0.00 0.10
(0.91) (0.57) (0.08) (0.05) (0.08)

Constant −17.98 *** −1.67
(0.97) (0.93)

n 176
Pseudo R2 0.27

Numbers in parenthesis are standard errors. Asterisks indicate the confidence level in the statistical significance
of the coefficient (* p < 0.05, ** p < 0.01, *** p < 0.001).

Results showed that the Covid-19 pandemic impact on food waste may differ along
the food chain. Farmers and farmer organizations, manufactures, and intermediary traders
were less likely to decrease food waste compared to retailers. In addition, the marginal effect
results indicated that the probability of decreasing food waste declined in the downstream
stages of the food chain. The data did not support the hypothesis of a difference between
firms in animal production and other firms.

The likelihood of having an increase in food waste during the lockdown was positively
associated with delays in buyer’s payments (DPB) and delays in social security contribution
(DSC). The probability decreased if the firms adopted labels referring to compliance to
Covid-19 pandemic safety rules and benefited from public support measures such as
unemployment benefits for self-employed workers (UNB), facilitation of cross border
mobility (FCM) or public online job platforms (OLP).

The probability of having a food waste reduction was positively associated with
enhanced online selling (EOL), adoption of Covid-19 pandemic compliance labels (LAB),
facilitation of cross-border mobility (FCM), and benefits for self-employed workers (UNB).

4. Discussion

The econometric model estimated the conditional probability of having a change in
food waste given a set of explanatory variables. We found evidence of opposite trends
in the agrifood supply chain. The descriptive statistics in Table 3 showed that there was
a reduction of pre-consumption food waste during the lockdown period in 8% of cases
and an increase in 16% of cases. This result is consistent with the findings of Roe et al. [18]
regarding post-consumption waste. The econometric model validated this finding for
pre-consumption waste, as well. Noticeably, the determinants of food waste increase
differed from the determinants of food waste decrease. In particular, human capital and
mitigation policies were associated with a decrease in food waste, while market drivers
and compensation policies were associated with an increase in food waste.

In our econometric estimates, the market drivers (measured by the variable DPB)
were strongly associated with an increase in food waste: The estimated marginal effect is
0.94 (Table 4). The result allows us to reject the null hypothesis in Hypothesis 1 (Table
2). It can be interpreted as a sign of agrifood firms’ difficulties to adjust to disruptions of
sale channels. The finding is consistent with the study by Johnson et al. [25] who found
that the lack of buyers and low prices were associated with food waste. The quality of
management and human capital were key factors driving the reduction of food waste
during the observed period. Firms that were able to adapt their strategies to the new
environment were more likely to improve their performance. The development of online
sale channels was associated with a reduction of food waste. Firms boosting their online
business during the lockdown increased by 24% their probability to decrease food waste
(Table 4).
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Similarly, firms that implemented labels referring to compliance to Covid-19 pandemic
safety rules were more likely to experience a decrease in food waste and less likely to
increase it than others. This variable was associated with the firms’ ability to adapt to
the pandemic business environment. The label was an attempt to turn a compliance cost
into a commercial advantage through product differentiation. This result confirmed that
flexibility in the business model was a key driver to food waste reduction during the
lockdown period. The results about online trade and the use of labels allow us to reject
the null hypothesis in Hypothesis 3 (Table 2) and support the conclusion that the ability to
innovate during lockdown determined a reduction of food waste.

We found no statistical evidence that the search for alternative buyers or suppliers
affected food waste (Table 4). The finding was not expected given the strong association of
delayed buyers’ payment with the dependent variable. The result can be explained with
the systemic nature of the shock, affecting the entire agrifood supply chain. In this case,
simply replacing trade partners might not be sufficient to solve the problem.

The analysis of the marginal effects of the proxy variables for human capital suggested
that flexibility in the business model was more important than flexibility in operations. The
result was consistent with literature assessing that the ability to forecast demand and to
adjust production accordingly is a key driver of food waste reduction [10,35]. In the case
of Covid-19 pandemic, the magnitude of the shock required a restructuring of the entire
business, while small changes were ineffective in contrasting food waste.

Policy support impacted on food waste (Hypothesis 4 in Table 2). Mitigation measures
(facilitation of cross border mobility and creation of online job platforms) were unam-
biguously associated with a lower probability of increasing food waste. Facilitation of
cross border mobility had a positive marginal effect on the probability of reducing food
waste. A measure mitigating the disruptions due to the pandemic crisis is associated with
a reduction of waste.

Instead, measures that merely compensated the damages from the pandemic, had
an unclear effect on food waste. Unemployment benefits (UNB) were associated to an
improvement in food waste performance, with a reduction in the probability of having an
increase in the dependent variable and an increase in the probability of reducing waste.
Delayed social security payments had a limited positive marginal effect on the probability
of increasing food waste. In both cases, the purpose of the measure was to alleviate the
financial impact of the Covid-19 pandemic crisis, providing additional benefits or delaying
costs. These measures did not concern the drivers of food waste and did not favor a
restructuring of the business. As a consequence, they did not support a transition towards
business models with less waste.

The model supported the hypothesis that the Covid-19 pandemic affected food waste
differently at the various stages of the agrifood supply chain. This result was expected
and consistent with the previous literature [28]. Manufacturers, intermediaries, and input
providers were found to be less likely to achieve a decrease in food waste and more
likely to have no changes than retailers and food service (the reference category). These
results allow us to reject the null hypothesis in Hypothesis 1 (Table 2). Although further
research is needed to explain these results, a tentative justification for the outcome might
be found in the classical shock transmission theory (e.g., [56]). According to this theory,
the consequences of a shock are borne by the least elastic (less flexible) firms. Downstream
firms such as supermarkets have a flexible procurement system and are able to adjust orders
quickly, limiting the waste due to demand shocks. Upstream firms such as manufacturers,
instead, might be less flexible in adjusting production lines. In this regard, it must be
noticed that farmers did not register an increase in food waste despite their inelastic supply
since the lockdown period, generally, happened before the harvest season (the lockdown
period differed across the EU Member States, however, in general it took place during late
winter and spring 2020).



Agronomy 2021, 11, 1063 12 of 14

5. Conclusions

The empirical analysis confirmed the disruptive impact of Covid-19 pandemic event
on the agrifood supply chain. In our investigation, we focused on the issue of pre-
consumption food waste and we found that the Covid-19 pandemic was a crisis in the
etymological meaning of decision or decision point. Facing an unforeseen and unprecedented
shock, firms had to decide whether to innovate their business model or to focus on damage
control and wait for the pandemic to pass. The model result suggested that firms that were
able to adjust their business model were also able to enhance their production efficiency
reducing food waste. This finding is consistent with the previous literature on the effect
of the Covid-19 pandemic on post-consumption waste [18]. From this perspective, the
Covid-19 pandemic was a critical threat for agrifood firms but also an opportunity to
re-assess their business strategy.

Government intervention can mitigate the effect of Covid-19 pandemic on food waste.
However, the effectiveness depends on the objective of the policy. When the measures
aimed at favoring innovation (such as the use of online platforms) or to mitigate the
negative shock (such as favoring labor mobility), we found an association with food waste
reduction. Instead, pure restoration measures (such as payments delays) had unclear effect.
This finding stresses the importance of the public policy as an innovation incentive in times
of crisis. When it facilitates the transition towards new business models, it can trigger a
reduction of waste even during systemic shocks.

In general, the empirical model concluded that the impact of Covid-19 pandemic on
food waste depended on the strategies of firms and governments. Business innovation were
associated with reduction (or not increase) of food waste, while the absence of innovation left
firms exposed to the consequences of the shock. These findings can be interpreted according
to the literature about resilience (e.g., [57]). When facing a shock, firms may react with a
conservative approach (bouncing back) trying to preserve the current activity or use the challenge
for non-linear innovation in the business model (bouncing forward). From this perspective, the
impact of Covid-19 pandemic on food waste depended on this strategic choice.

Our study was subject to several limitations. Data availability was a key constraint.
The limited number of observations and the categorical nature of the data did not allow for
a quantitative evaluation of food waste. Relying on respondents’ subjective assessments
of both dependent and explanatory variables may have induced an error of measurement
that was difficult to qualify. Moreover, the small sample size did not allow for separated
regressions for specific stages of the supply chain, to test if they follow the same data
generating process. Nevertheless, the regression was able to provide meaningful insights
regarding the association between variations in food waste and economic drivers.

Much is left to explain regarding the effect of Covid-19 pandemic and food waste.
Future research may include a more detailed analysis of the impact of bouncing forward
strategies. While data constrained us to use specific examples as indicators of the general
attitude, future studies might build constructs for a more precise measurement of firms’
resilience. Moreover, the investigation of differences among stages of the supply chain is a
key topic for future research.
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