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ABSTRACT
This thesis investigates the impact of the French food waste abolition law in 2016 on the
productivity and efficiency of the French grocery retailing industry. Therefore, the accounting
data of 1560 French grocery retailing companies between 2012 and 2018 was analysed by using
two nonparametric Data Envelopment Analysis (DEA) approaches: “multiplicatively complete
Lowe analysis” and “additively complete Bennet-Lowe analysis”. A “Distorted representation” of
the big retailing brands in the dataset made it necessary to invent two tactics to weight
observations for their importance: “subsequent representatives” and “prior representatives”
tactic.
Both analyses and both tactics revealed a productivity regress of the French grocery retailing
industry between 2012 and 2018, but no distinctive deviation from the decreasing trend was
visible when the law was introduced. While efficiencies stay similar over time, the regress in
productivity is mainly explained by a regress in technology (/environment). The small changes in
efficiencies are wholly explained by scale and mix efficiency changes. Technical efficiency does
not change at all.
As the law has no severe effect on the productivity trend but has a high potential to increase food
security and to decrease greenhouse gas emissions, I advise the European Union to introduce a
pan-European food waste abolition law.

Keywords: French grocery retail, food waste, Data Envelopment Analysis, Lowe index, BennetLowe indicator, productivity change, efficiency change
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1 INTRODUCTION
1.1 BACKGROUND
1.1.1 Food waste and hunger
In the middle of the year 2019, the world’s population counted 7.7 billion people with a strong
rising trend of 1.1% per year (Pison, 2019). Hence, nowadays, we are facing a significant problem
of food security. After the declining trend in the prevalence of undernourishment until 2015,
recently, a slow rise of people who suffer from undernourishment has become visible. According
to the FAO et al. (2019), around 820 million people suffer from severe undernourishment.
Moreover, worldwide, 1.3 billion people have experienced food insecurity at moderate levels,
which means an increased risk of various forms of malnutrition and poor health.
While 26.4% of the world population suffers from malnutrition, about one-third of the edible
parts of food production (1.3 billion tones) gets lost or is wasted (Gustavsson, Cederberg, &
Sonesson, 2011). It is vast ethical mischief that on the one hand, people starve to death, while on
the other hand, developed countries throw away tons of food that could have helped others.
Besides the ethical conflict of food security, food waste is responsible for the emission of 3.3 Gt
of CO2 equivalent in 2007. If food waste had been a state, it would have been the third-largest
greenhouse gas emitter (FAO, 2013).
Although most European countries are high-income countries, even here (and northern America)
approx. 1% of the people are affected by severe, and 7% by moderate food insecurity (FAO et al.,
2019). At the same time, Europe (EU-28) produced about 88 million tons of food waste in 2012.
This represents about 20% of the total production in the EU and 173 kg per each European
(Stenmarck, Jensen, Quested, & Moates, 2016). Unfortunately, there is not much data about food
waste, so that other studies come up with an amount of food waste of up to 300 kg/person
(Gustavsson et al., 2011). However, all studies show that the ethical, as well as the environmental
problem, is prevalent in Europe, too.
Comparing Europe’s food waste per person with less industrialized countries reveals that Europe
has a substantial higher food waste than these countries. It is almost double the food waste per
capita as in South and Southeast Asia. This can mainly be explained by the higher food waste on
the consumption side in high-income countries (Gustavsson et al., 2011).
Although retail is only responsible for ca. 5% of the total food waste in Europe, it has still a
significant impact and depending on the commodity up to 10% (e.g. fruits and vegetables) of the
food that enters retail is wasted (Gustavsson et al., 2011; Stenmarck et al., 2016)
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France has a special role amongst the other European countries. Traditionally, food is highly
valued in France, which for example, reflects in the long lunch breaks from 12 to 14 o’clock to get
a proper meal (Saltzman, Livesay, Martelli, & Gouffran, 2019). Nevertheless, a study of ADEME
(2016), the French Agency for the Environment and Energy Management, revealed that France
produces 10 million tons of food waste with an economic value of 16 billion euros per year before
2016. The environmental impact was estimated at 15.3 million tones CO², which is five times as
high as their emissions from air traffic.
With a population of 65.1 up to 67.2 million people in France (slightly increasing 0.2-0.3% per
year), a food waste production of ca. 150 kg/person can be calculated in the years before 2016
(INSEE, 2018; Pison, 2019).
The French Ministry for Solidarity and Health published that 4.8 million of the French required
food assistance in 2015 (Banques Alimentaires, 2018). This is about 7.3% of the Frenchmen and
Frenchwomen.
Social food aid organisations were able to offer 3.5 million people food assistance in the same
year. Lacking food donations resulted in the problem of an unbalanced nutrition mix. For example,
in the municipality “Grenoble Alpes Metropole” less than 10% of all available resources were
donated to food assistance organisations. Although some big and medium-sized retailers claimed
that they donated their food already before they were forced by law, on average, they donated
only 24% of their available resources (AMORCE, 2015). Even worse, some of them used to bleach
their waste to attain artificial inedibility and to hamper people from garbage picking (The
Guardian & Chrisafis, 2015).

1.1.2 The food waste abolition law
In order to overcome the above-described food waste and food security problem, as early as in
2012, the government, including Guillaume Garot, Junior Minister for the Food Industry, decided
to take actions to cut the food waste in half by 2025 (Le Monde, 2012).
Following, the government commissioned a yearlong study housed within the Ministries of
Agriculture and the Environment. Led by Guillaume Garot, in a collaborative process of 120
experts and stakeholders, 36 regulatory and policy measures were developed to help reducing
food waste (Ministries of Agriculture & Garot, 2015; Mourad, 2015).
After the report in April, some of the developed measures like “Ban grocery retailers from
throwing away excess edible food”, “Mandate donations to charitable organisations”, “Ban
destruction of edible food” etc. should have become part of a law about energy revolution in
August (Legifrance, 2015). For companies that do not sign a contract with charitable organisations
by July 2016, a fine of 75,000€ or two years jail was proposed (The Guardian & Chrisafis, 2015).
The destruction of edible food would have led to a fine of 3,750€ (Le Monde, 2015).
Although the French national assembly (Assemblée nationale) and the French senate (Sénat)
passed the law, the French constitutional court (Conseil constitutionnel) averted the inclusion of
the new measures against food waste in the law. The reason was that these measures were
included in a second audit of the law, which was formally incorrect (Le Monde, 2015).
2

However, the Minister for Ecology did not ease up and summoned officials of the big supermarket
chains on the 27th of August. He aimed to put them under pressure to sign a voluntary contract
to reduce food waste by increasing donations to charitable organisations (Le Monde, 2015).
Nevertheless, that did not seem to be enough, and on the 11th of February 2016, a new law about
the fight against food waste was published. In this Master Thesis, I will refer to that law as the
“food waste abolition law”. This time formally correct, the law included 6 of the 36 proposed
measures from the study of 2015 (Legifrance, 2016; Ministries of Agriculture & Garot, 2015;
Mourad, 2015):
1. Set into law a hierarchy of preferable actions to fight food waste (Article 1)
a. prevent in general
b. donate for human consumption
c. use as feed for animals
d. use as fertilizer or for energy production
2. Offer lifelong education about sustainable food (Article 1 & 3)
3. Ban grocery retailers from throwing away excess edible food (Article 1)
4. Mandate donations to charitable organisations (Article 1)
5. Ban destruction of edible food (Article 1)
6. Enable donation of rejected “house” brand products (Article 1 & 2)
Out of the 6 included measures, measure 3 up to measure 5 directly attach grocery retailers and
their excess edible food. In line with measures 3 and 4, the new law obligates all food retailers
that sell directly to consumers and have a sales area above 400 m² to sign a contract with an
authorized charitable organization to donate their excess edible food. A contract has to be signed
the latest on 11th February 2017, one year after opening the shop, or one year after exceeding
the threshold of 400 m² sales area. If no contract is signed by that time, a penalty of category
three will be imposed. That means a fine of 450€ and is much lower than the 75.000€ proposed
in 2015 (Legifrance, 1972, 1978, 2005, 2016)
However, like proposed in 2015, grocery retailers that destroy edible food on purpose (and thus
violate measure 5) have to pay a fee of 3.750€ and additionally carry the costs of managing and
sending the criminal charge to them every time they are caught.
Even though the imposed fees got smaller, the effect on grocery retailers could still be the same.
Jacques Bailet, head of Banques Alimentaires, a network of French food banks, explained that the
symbolic character of the law is essential and could substantially increase an already emerging
trend for grocery retailers to donate to food banks (The Guardian & Chrisafis, 2016).
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1.2 RESEARCH PROBLEM
1.2.1 Possible impacts of the food waste abolition law on the average productivity
of grocery retailers
Besides the intended positive effect on food waste and food security, the food waste abolition
law could have positive as well as negative economic impacts for the grocery retailers.
That is why the grocery retailers’ reaction to the law was twofold. While Jacques Creyssel, head
of the grocery retailers organization “Fédération du Commerce et de la Distribution (FCD)”,
criticized the planned obligations, Carrefour as a big supermarket group welcomed the new law
as a step to build on (The Guardian & Chrisafis, 2015, 2016).
The exact impact on grocery retailers is not studied until now, and the question if the new
obligations increase or decrease the average productivity of grocery retailers is not answered.
The following impacts could increase or decrease the average productivity of grocery retailers in
France after the implementation of the law:
More productive:
- Fewer products are offered to avoid waste; this leads to smaller stores and lowers fixed
costs (ADEME et al., 2016).
- The law induces a first review of waste management in many stores that have not
monitored waste yet. Better data and waste management could lead to a higher
sales/material costs ratio for grocery retailers that were laggards before (ADEME & MarieJeanne, 2019; Saltzman et al., 2019).
- People that receive food assistance save money. They can use the saved money for
purchasing higher quality products with higher margins as an addition to the food
assistance.
- All stakeholders introduce fewer new products that can potentially generate losses and
increase waste (ADEME et al., 2016).
- Less own labour force needed to remove trash bins (Saltzman et al., 2019).
Less productive:
- Many food donations lead to lower overall demand, while fixed costs stay the same.
- Additional labour force needed to separate food that can be donated from inedible food
(EU Platform on Food Losses and Food Waste, 2019).
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1.2.2 Research questions
Already before the food waste abolition law was introduced in France, the food waste per person
in France was lower than the European average: 150 kg/person in France compared to 173
kg/person up to 300 kg/person as European average in different studies (Stenmarck et al., 2016).
The significant variance in European food waste averages is explained by missing data and
different food waste definitions.
However, the difference between the French and the European average, already before the law
was passed, awakens the question of the reasons behind that dissimilarity.
In the scope of this Master Thesis, I decided to focus on the differences in food waste levels that
can be explained by different usages of grocery retailers’ excess edible food. Therefore, it is
necessary to study the general European provisions towards the usage of excess edible food and
if the European member states apply own (possibly more strict) provisions. Moreover, to
interpret the changes in excess edible food usage and food security in France, it is essential to
consider the provisions towards excess edible food that were already in force before 2016.
Having studied the reasons for historical differences as a basis to build on, the main interest of
the study is in the new food waste abolition law in France. To evaluate if the law should be taken
on by other states, it has to be examined first if the law fulfils the intended effect on food waste
and food security levels.
However, a new law with new bans or permissions often comes with effects on the productivity
of stakeholders. For example, a reduction of subsidies led to higher productivity of the Welsh
sheep sector (Ang, 2019).
While companies have a high interest in profitability, European countries are interested in the
overall productivity of their industry. Only a high average Total Factor Productivity (TFP)
development level of countries ensures a GDP growth when opening for trade with other
countries (Ramzan, Sheng, Shahbaz, Song, & Jiao, 2019).
That is why this knowledge gap has to be closed by assessing the productivity effects on the
French food retailing industry as a whole, as well as the reasons for the changes in the productivity
of the grocery retail industry.
Furthermore, the same law might have other effects in different regions and realities. To draw
conclusions about potential productivity effects in other countries, it is essential to gain insights
into subdivision like areas with different income and diverse grocery retailing types like
supermarkets, hypermarkets, and convenience stores. Like this, the productivity effect in
countries with a different structural mix than France can be estimated.
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Finally, that leads to the following research questions (RQ) and sub research questions (SRQ)
which have to be answered:
RQ1: What are the reasons behind different excess edible food usages in Europe that result in
different food waste levels?
SRQ1.1:
What are the general provisions of the European Union towards excess
edible food?
SRQ1.2:
Are there differences in provisions for excess edible food on country levels?
SRQ1.3:
Which further provisions for excess edible food are in force in France?
RQ2: Does the French food waste abolition law fulfil its intended positive effect on food
security?
RQ3: What effects does a food waste abolition law, like introduced in France, have on the ability
of the grocery retailing industry to generate sales with its given resources?
SRQ3.1:
What are the productivity and efficiency effects for the overall grocery
retail industry?
SRQ3.2:
Does the law have different productivity and efficiency effects in areas with
different socioeconomic characteristics like population density and
income?
SRQ3.3:
Does the law have different productivity and efficiency effects on different
store types like hypermarkets, supermarkets, and convenience stores?

1.3 OBJECTIVE OF THE STUDY
All previously described research questions have the common goal of giving a policy advice to the
European Union. The study strives to answer the question if the European Union should introduce
a similar food waste abolition law like demanded by the French councilor Arash Derambarsh (The
Guardian & Chrisafis, 2016).
The study shall give an overview of the actual policies of the EU (and its member states) as well
as the productivity effects and repeatability of the food waste abolition law in other countries
and circumstances.

1.4 OUTLINE OF THE THESIS
I will start this thesis by answering the first two research questions via a literature review.
Afterwards, I will present two different ways to measure productivities and to investigate reasons
for changes in productivities by decomposing it into efficiencies in the methodology part.
Following the description of the dataset and analysis steps, the results will be displayed in the
results chapter. Finally, the results will be discussed, and the conclusions will be stated in the last
two chapters.

6

2 LITERATURE REVIEW
2.1 FOOD WASTE AND FOOD SURPLUS DEFINITION
As indicated in the Introduction, the newly introduced law strives to decrease “food waste”.
Unfortunately, current literature comes up with various terms like “food waste”, “food loss” or
“food wastage” which always have a different meaning (EU FUSIONS, 2016; Eurostat, 2013).
E.g., while the FAO and The French Agency for the Environment and Energy Management
(ADEME) exclude inedible harvested products like skins and bones from the food waste
measurement, FUSIONS, which is an EU project against food waste, includes the inedible parts of
primary food production in the waste calculation.
Thus, the FUSIONS (2016) project states a very broad food waste definition:
“Food waste is any food, and inedible parts of food, removed from the food
supply chain to be recovered or disposed”
It has to be mentioned that FUSION defines “recovered” as using food for animal feed or energy
production. Even the very broad definition of FUSION agrees that donated excess edible food for
human consumption is not defined as food waste.
A PERIFEM (2011) study from 2011 invented a special denotation for food that fulfils the
requirements to be donated for human consumption but cannot be sold. The study calls this “food
surplus” and concludes that food surplus accounted for 42% of all organic waste from French
retailers.
Figure 1: Food waste across the food supply chain

Amended presentation after ADEME (2016)
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The literature agrees that “food waste” occurs at different stages in the supply chain. Figure 1
gives an example of these different stages developed by ADEME (2016). In this Master Thesis, I
focused on the distribution stage of food waste, but there are losses in harvest, transformation,
and consumption, too.
In Figure 1, the distribution stage is the second last of 7 stages. Food products build up an
economic value along the supply chain, thus preventing food waste at the late distribution stage
is essential (ADEME et al., 2016).

2.2 STORE TYPES
In this Master Thesis, I often refer to different “store types” in France. This term contains five
different grocery retailing concepts: hypermarkets, supermarkets, convenience stores,
discounters, and organic stores.
Under hypermarkets, big sized markets above 2500 m² sales area with a vast range of food and
non-food products are summarized. Supermarkets have a sales area between 400 m² and 2500
m² and still a wide range of food and non-food products. On the contrary smaller supermarkets
with a limited range of low-cost products are called discounters.
As convenience stores very small-scale supermarkets (below 400 m²) which are generally located
in the near of the city centers are termed. The French are used to call them “Suprettes” (USDA &
Journo, 2018). Organic stores are grocery retailers that sell only organic food irrespective of the
store size.
In between the above-mentioned store types, hyper- and supermarkets are the most popular
store types in France with together ca. 71% market share of the grocery retail industry in 2017,
but they are pressured by two sides.
On the one hand, the Frenchmen became increasingly price-sensitive (up to 2017) which eased
the establishment of the two German discounters Lidl and Aldi. On the other hand, new consumer
demands for closeness, convenience, and quality lead to an increasing amount of convenience
stores and organic stores (Marketline, 2018a, 2018b; USDA & Journo, 2018).
While the occurrence of convenience stores raised by 40% in the ten years before 2016, the
French organic food sector showed a compound annual growth rate of 13.5% between 2012 and
2016 (Marketline, 2018a; USDA & Journo, 2018).

2.3 REASONS BEHIND DIFFERENT EXCESS EDIBLE FOOD USAGES
2.3.1 EU regulations towards food surplus redistribution and the application in EU
member states
Having defined food waste, food surplus, and the term “store types”, I will now start to answer
the first research question by displaying the current legal framework in the EU and its member
states.
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Food donators, as well as food redistributors, like food banks and other charitable organisations,
are characterized as “food business operators” under the EU law (Deloitte, 2014). Thus, food
donators and redistributors generally fall under the “General food law” (EUR-Lex, 2002), which
was set up in consequence of a series of food incidents in the late 1990s. The General food law
requires to hold up tractability, regulates liability issues, and prescribes EU-wide hygiene
standards. While some member states like Germany implemented a stricter system than required
by the EU, e.g., Italy defined food banks as end consumers and thus prohibited that food donators
can be made liable (Deloitte, 2014).
In 2008 the European Parliament and Council set up a “Waste Framework Directive” that
prescribes its member states to follow a waste management hierarchy: prevention, preparing for
re-use, recycling, recovery, and disposal. However, this directive gave no guidance on how to
apply the waste management hierarchy (Deloitte, 2014).
Following the suggestions of a comparative study by Deloitte, the European Parliament and
Council specified Article 9 of that directive such that EU member states should at least “encourage
food donation and other redistribution for human consumption, prioritising human use over
animal feed and the reprocessing into non-food products” (EUR-Lex, 2018). In the following, I will
refer to that specification as “food waste hierarchy”.
Despite the specification, the latest consolidated version of the directive does still not give any
guidance on how to implement that hierarchy and still “encourage” is a very elastic term.
In 2017 the European Commission issued the commission notice “EU guidelines on food
donations” which summarizes the European legal framework on food donations (EUR-Lex, 2017).
According to the commission notice, one possibility to encourage food surplus redistribution is to
exclude food donations from the obligation to pay taxes. Although the general VAT directive
requires to impose VAT on all “supply of goods for consideration”, the second part of Article 16
in the newest consolidated version states: “the application of goods for business use as samples
or as gifts of small value shall not be treated as a supply of goods for consideration”(EUR-Lex,
2020). In practice, most European member states define a small (or zero) value for donated food
surplus in their own legal texts, such that no VAT is imposed on these donations.
Only in Romania, Spain, and Sweden, VAT is imposed on food donations. Following, it is more
expensive for them to donate food rather than to throw it away (EU Platform on Food Losses and
Food Waste, 2019).
According to the “EU guidelines on food donations” other possible monetary encouragements
are fiscal incentives, but in the field of direct taxation, EU rules are less prevalent. Corporate
income tax is first and foremost governed by national rules (EU Platform on Food Losses and Food
Waste, 2019).
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Following, there are different approaches on how to align the costs of different food surplus uses
(donation, animal feed, and discarding) with the European food waste hierarchy. France, Spain,
and Portugal grant a tax credit on the corporate tax when donating food. That is defined as the
most effective by a Canadian study because it gives all corporates the same incentive irrespective
of their taxation rate (Howard, Vallée, & Conference Board of Canada, 2015).
Except for Belgium, Sweden, and the UK, the other European member states incorporated at least
a tax deduction into their legal framework, which reduces the taxable income in case of food
donations (EU Platform on Food Losses and Food Waste, 2019). Opposed to the tax credit, a tax
deduction is dependent on the corporate tax level.
In addition to the fiscal incentives, Austria aligned the cost structure of different surplus food uses
with the European food waste hierarchy by enhancing the costs of waste deposition. However,
Howard et al. (2015) estimate this measure as less efficient because corporates do not always
precisely monitor their waste streams, and sometimes several corporates use the same waste
bins.
Obviously, the strongest form of “encouraging” is to obligate food donations by law. Besides
France, Romania tried to implement such an obligation in 2016, too. Romania wanted to force
retailers and producers to sell food, which is three days away from the expiration date to social
organisations at around 3% of its price. However, that law had to be taken back due to its
“complex and controversial provisions” (Ministerie van Landbouw Natuur en Voedselkwaliteit,
2018). The fact that grocery retailers additionally had to pay VAT on the discounted food surplus
sales might have prohibited that grocery retailers accept that law. Although in force from May
2017 to February 2019, the Romanian food surplus redistribution network did not significantly
increase in that time (EU Platform on Food Losses and Food Waste, 2019; Ministerie van
Landbouw Natuur en Voedselkwaliteit, 2018).

2.3.2 French legal food surplus framework
Having elaborated on the current food surplus regulations of the EU and its member states, I do
now exhaustively display the legal food surplus framework in France.

2.3.2.1 Limitations of the food waste abolition law
It has to be noted that although formulated very strict, the EU FUSIONS (2015) project points out
two limitations of the food waste abolition law introduced in 2016.
The first drawback is that the law does not apply to all grocery stores because the law does not
attach the increasing number of convenience stores with selling areas below 400 m².
The second and main stated limitation is that the law does not prescribe a certain percentage of
food surplus that has to be donated for human consumption. Grocery retailers are obligated to
underwrite contracts with charitable organisations. However, they can “choose to recover
unsaleable food via composting or anaerobic digestion, rather than prevention or donation, if
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more convenient or cheaper for them while not necessarily exercising the contractual agreements
with charitable organisations”(EU FUSIONS, 2015).

2.3.2.2 Further French provisions towards food surplus
Besides the limitations of the food waste abolition law, it has to be mentioned that the obligation
of food surplus donations by grocery retailers is not a standalone measure. As mentioned earlier,
the food waste abolition law in 2016 included further measures like banning constraining
contracts that forbid manufacturers to donate their products to charitable organisations directly
(Legifrance, 2016). Jacques Bailet utters in an interview with NPR (2018) that Banques
Alimentaires now receives, e.g., 30,000 sandwiches from a manufacturer who was not allowed to
donate these sandwiches because they were made for a particular supermarket.
Like most European countries, the French do not impose VAT on food donations, which are
directed to associations with “a public general interest of humanitarian, educational, social or
charitable nature” since 1984 (Deloitte, 2014; EU Platform on Food Losses and Food Waste, 2019).
Besides the VAT exemption, food donating organisations profit from granted tax credits in France
since 2003. If the food is donated to certified charitable organisations, French companies can get
a tax credit of 60% of groceries’ net book value1 with a cap of 0.5% of the company turnover
(Deloitte, 2014). Storing as well as transportation services count as donations and are edible for
the tax credit in the French food donation framework, too (EU Platform on Food Losses and Food
Waste, 2019).
In 2012 three E-Leclerc supermarkets in northern France conducted a study on the effects of the
tax credit on the financial losses in two scenarios: food donation and anaerobic digestion2. They
concluded that the financial loss for sending one ton of fruit and vegetables to anaerobic digestion
amounted 213.24 €/t, whereas the loss for donating the same quantity of food to charity were
372.12 €/t (without the 60% tax credit) and at 65.8 €/t after the application of the tax credit
(Deloitte, 2014). Thus, only the granted tax credit aligned the costs of different food surplus uses
with the European food waste hierarchy.
Nevertheless, after the implementation of the obligated contracts with charitable organisations,
the French government decided to introduce an additional (fixed) cap of a maximum of 10,000 €
deductible tax credit in December 2018 (Legifrance, 2018b). However, already in December 2019,
the government decided to increase that cap to 2 million € and to exempt food donations entirely
from that fixed cap (Legifrance, 2019). The limitation of non-prescribed percentages of food
surplus that has to be donated might have made the exemption from the cap necessary. The
limitation requires to hold up the intrinsic motivation of the grocery retail sector to donate surplus
food in order to maximize overall food donations.

1
2

Net book value: purchasing value - depreciation
supplement to discarding
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It has to be mentioned that the French government did not end its ambitions to reduce food
waste with the food waste abolition law in 2016. In the “umbrella“ of the National Pact to cut in
halve food waste by 2025, a temporary General Assembly on Food (“Etats Généraux de
l’Alimentation”) from 20 July to 21 December 2017 with all stakeholders of the food supply chain
was introduced. This assembly resulted in several pieces of advice for the new “Law on Food and
Agriculture”. Passed in September 2018, the “Law on Food and Agriculture” forces mass caterers
and food manufacturers to set up conventions with charitable organisations since October 2019,
too. Furthermore, the “Law on Food and Agriculture” will force restaurants to provide “doggy
bags”, which are containers to take away the uneaten part of a meal, after 2021. (EU Platform on
Food Losses and Food Waste, 2019; Legifrance, 2018a)

2.4 DEVELOPMENT OF FOOD SECURITY IN FRANCE
Having portrayed the European as well as French legal food surplus framework, this chapter will
describe the impact of the legal framework on food security in France.
To investigate the development of food security in quantity terms, it is logical to concentrate on
death cases due to malnutrition. The WHO (2018) compiles a mortality database that can divide
between different countries and death causes. Figure 2 displays the death cases due to
malnutrition in the last update of this database in 2018.
Figure 2: Development of human death cases due to malnutrition in some European countries

Own graph with data from WHO (2018)

It becomes evident from Figure 2 that France (1.2 – 1.7 deaths/100,000 people) had a bigger
problem with malnutrition than comparable European states like Germany and UK (0 – 0.2
deaths/100,000 people). Thus, it is not surprising that France undertook actions to increase its
food security by using food that would have been thrown away otherwise.
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It is visible that the implementation of the tax credit in 2003 led to a significant decrease in death
cases due to malnutrition from 1.7 deaths/100,000 people to 1.3 deaths/100,000 people within
three years. This verifies the effectiveness of aligning the costs of food surplus uses with the
European food waste hierarchy. Nevertheless, the impact of tax incentives seems to be limited,
because the death cases due to malnutrition stay on a similarly high level after 2006.
Unfortunately, the last available observation of death cases due to malnutrition in France is in
2014, and thus it was not possible to directly prove the effectiveness of the food waste abolition
law in 2016 by this mean.
However, the charitable organization Banques Alimentaires, the network of French food banks,
publishes an overview of their activities on a yearly basis. Banques Alimentaires recorded an
increase in food donations from big and medium supermarkets of 11.2% in 2017 and an additional
increase of 4.7% in 2018. At the same time, the number of stores in contract with Banques
Alimentaires increased by 16%.
In total, the food bank received 42.5% (48.000t) of its food donations from medium and big
supermarkets in 2017 (Banques Alimentaires, 2018). It has to be noted that Banques Alimentaires
received 36.3% of its food donations from retailers in 2012. Following, there was not a significant
change in donations from grocery retailers between 2012 and 20163. It can be ruled out that the
changes in 2017 and 2018 are not only following a trend.
The additionally collected food in 2017 and 2018 is not discarded but is spread to people who
suffer from food insecurity. Thus, it can be verified that food waste decreased and food security
increased in France.
Moreover, Banques Alimentaires published that the obligations by law could fill the lack of meat,
fruit and vegetables in donations. Now they can provide a healthy nutrition mix to everybody
(Banques Alimentaires, 2018; The Guardian & Chrisafis, 2016).

2.5 GENERAL BENEFITS OF FOOD SURPLUS REDISTRIBUTION
The development and implementation of a working food surplus distribution network will
inevitably cost governments money in the form of missed revenues due to tax incentives and
costs of additional auditing of the obligated food donations. Nonetheless, a Canadian study
figures the benefits of such a food surplus distribution network as threefold (Howard et al., 2015).
Unsurprisingly, because food redistribution is an “effective lever in reducing food waste”
(Deloitte, 2014), all benefits are opposed to the problems with food waste mentioned in the
introduction.

3

36.3% * 1.112 = 40.37 %
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First, the Canadian study mentions the economic benefits of redistributing food surplus due to
reduced costs in waste management. If less food is binned, some landfills might be able to close.
Furthermore, economics are influenced by lower food production, storage, and disposal costs
(Howard et al., 2015). Moreover, reducing food insecurity contributes to lower health care costs
and improves the “physical and mental well-being” of the affected persons and thus their
productivity in the society (Brown, Beardslee, & Prothrow-Stith, 2008; Howard et al., 2015;
Vozoris & Tarasuk, 2003).
The second advantage of a well-developed food surplus redistribution network is the
environmental benefit. Besides the reduction of greenhouse gases in production, the Canadian
study points out the reduced leachate and thus improved water quality, too (Howard et al., 2015)
The last and maybe most obvious is the societal benefit. According to Howard et al. (2015), a wellimplemented food surplus redistribution network necessarily leads to “enhanced household food
security”. This verifies the development of food security in France.

Finally, it can be summarized that the European Union introduced a food waste hierarchy to
improve food waste management, but did not force its member states to align the costs of food
surplus usages with that food waste hierarchy. Following, in some member states like Romania,
it is still more expensive to donate food that to discard it. Although the alignment of the costs to
the food waste hierarchy has shown as an essential basis to build on in France, the obligated
contracts with charitable organisations were able to increase food donations significantly further.
Having proven the desirability of the food waste abolition law from a social point of view, the next
chapter will show the methods that were used to evaluate if the law had negative impacts on
grocery retailers and if the doubts of the “Fédération du Commerce et de la Distribution” were
reasonable.
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3 METHODOLOGY
The normative and nonparametric Data Envelopment Analysis was used to estimate
productivities of the grocery retail sector and to explain reasons for changes in productivity by
decomposing it into technical change and efficiency changes. Within DEA, two different analysis
methods were used to validate the results: the multiplicatively complete (MC) Lowe index and
the additively complete (AC) Bennet-Lowe indicator.

3.1 PRODUCTIVITY ANALYSIS WITH DEA
DEA was given its name because of the way it “envelopes” observations to obtain a frontier with
linear programming (Cooper, Seiford, & Tone, 2006). This frontier sets the barriers of the
maximum possible production within a time, within an operation scale, or within a fixed mix of
inputs (or outputs). The observations that lie on the frontier are fully efficient and build the
benchmark for the other observations.
The observations that are “enveloped” by the frontiers are called the production possibilities set.
DEA can be used to analyse the productivity and efficiency of various entities like business
companies, schools, or hospitals. Therefore, the flexible expression, Decision Making Unit (DMU),
was introduced for any entity that is under consideration (Cooper et al., 2006).
The main advantage of DEA is that it does not require explicit assumptions concerning error terms
or the functional form of the unknown production frontier (O’Donnell, 2012b). However, DEA
implicitly assumes that the production function is locally linear and that all error terms are zero
(O’Donnell, 2010). This leads to the most considerable disadvantage of DEA, the vulnerability of
its results towards noise. To deal with this disadvantage, all observations have to be checked for
plausibility and the robustness of the results has to be evaluated (O’Donnell, 2012b).
Another way to estimate the production function would have been Stochastic Frontier Analysis
(SFA). The results of SFA have the severe disadvantage that they depend on the choice of
approximated functional form and the assumptions about error terms (O’Donnell, 2012b). Table
16 in the appendix provides a holistic overview of the advantages and disadvantages of DEA and
SFA.
Within DEA, there are two main approaches to measure the productivity of a DMU. In the
traditional approach, multiplicatively complete indices are used, which divide an aggregated
output by an aggregated input. An additively complete approach that subtracts aggregate inputs
from aggregate outputs recently came into consideration again (Ang, 2019; O’Donnell, 2012b). In
my research, I will apply both approaches to validate my results.
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However, for both approaches, it is necessary to aggregate input quantities
= ( 1, … ,
)′ ∈
ℝ+ and output quantities
= ( 1, … ,
)′ ∈ ℝ+ with aggregator functions ( ) and ( )
to be able to analyse DMUs with multiple inputs and multiple outputs. In this Master Thesis, I
refer to the company (DMU) that is to be analysed by = 1, … , and to the time that is analysed
by = 1, … , (comparison observation). Contrary, k denominates the reference company and s
the reference time to which the analysed company is compared to (reference observation). Input
price vectors are denominated by
=(
,…,
)′ ∈ ℝ and output price vectors by
=
(
,…,
)′ ∈ ℝ .
It has to be mentioned that the aggregator functions are simple mathematical functions that
attach different weights to different outputs and inputs that should reflect their relative
importance, or value, for the decision-maker (O’Donnell, 2011).

In case of the multiplicatively complete approach, the obtained aggregate input and output
quantities can be used to calculate input quantity indices
=

(

)

(

)

and TFP indices

=

=

(

)

(

)

, output quantity indices

(O’Donnell, 2012c).

On the other hand, aggregate input and output quantities are used to calculate input indicators
= ( ) − ( ), output indicators
= ( ) − ( ) and TPF indicators
=
−
in case of the additively complete approach (Ang, 2019).
Note that both of them, indices and indicators, denote a change of a comparison value compared
to the value of a reference observation. To be able to distinguish both kinds of changes, changes
in the multiplicatively complete approach are marked by the prefix “d” and changes in the
additively complete approach by the suffix “C”.

There are several aggregator functions available to aggregate inputs and outputs, but just a few
are appropriate to analyse the effects of the food waste abolition law.
The index number theory sets up several axioms for proper indices (that are calculated with
aggregator functions). As I want to measure effects over time, a fundamental axiom for my
analysis is the transitivity axiom:
=

∗

(1)

The transitivity formula (1) is given for the output index, but it could be applied to the input and
productivity indices, too.
The formula says that the index number that directly compares the outputs of a comparison
observation with the outputs of a reference observation should be identical to the index number
computed when the comparison is made through any intermediate observation (O’Donnell,
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2012c). Only if the transitivity is fulfiled, a multilateral (between DMUs) and multitemporal
(between different times) comparison of the calculated indices is possible (O’Donnell, 2011).
While Laspeyres, Paasche, Fisher, Törnqvist, and Hicks-Moorsteen indices fail to satisfy the
transitivity axiom4, the Lowe index and the Färe-Primont index fulfil all axioms including the
transitivity (O’Donnell, 2012b, 2012c). Nevertheless, a check of assigned weights by the FärePrimont aggregator function revealed that inputs and outputs of my dataset were not aggregated
appropriately by that aggregator function5. That is why this Master Thesis only focuses on the
multiplicatively complete Lowe index.

No comparable theory explicitly for indicators is currently available. However, Ang (2019) writes
that Bennet-type indicators, which are additively complete indicators with aggregator functions
6, have interesting properties.
that can be written like ( ) = ∗
and ( ) = ∗
Some of these fulfiled properties resemble the axioms of the index number theory. Nevertheless,
the Bennet-type indicators do not fulfil linear homogeneity, homogeneity of degree zero, and
proportionality. Instead, they are homogenous of degree one and invariant to translation. Table
17 in the appendix gives an overview of all properties.
The main difference between homogeneity of degree zero (2) (of the indices) and homogeneity
of degree one (3) (of the indicators) is that a multiplication of the quantities of a comparison and
a reference observation with the same number ( ) will leave the value of the indices unchanged
while the value of the indicators proportionally increases by that number ( ).
(
(

,
,

,
,

)=
)=

(
(

,

) for

,
,

,

) for

>0
>0

(2)
(3)

Following, indicators are sensitive towards scale and tend to report more extreme productivity
changes for observations with a high operation scale7. Besides that disadvantage, the most
significant advantage of indicators is that they can handle inputs close to or equal to zero without
obtaining infinities (Ang, 2019).
Within the Bennet-type indicators, only the newly introduced Bennet-Lowe indicator is transitive,
and therefore only this indicator could be used for my analysis. Laspeyres, Paasche, and Bennet
indicators do not fulfil the transitivity (Ang, 2019).

4

It is possible to make them transitive by applying a geometric averaging procedure proposed by Elteto & Koves
(1964) and Szulc (1964). However, afterwards they fail the identity axiom and are not “complete” anymore.
Following, they cannot be decomposed into different compartments (Ang, 2019).
5
For exact calculation of aggregate quantities and reason for exclusion see appendix A.5.
6
In this case w and p are not subscripted, because the used prices can differ depending on Bennet-type indicator.
7
This has an important implication for the summary of the results in chapter 3.3.5
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The term “complete” in the multiplicatively complete approach means that the TFP (level of
productivity), as well as the dTFP (productivity change), can be separated into different parts that
become the original value again when all are multiplied with each other. Likewise, the term
“complete” in the additively complete approach means that several parts can be added up to
obtain the original TFPC (productivity change) value8.
Thus, for both of them, the MC and the AC approach, methods were invented that divide a change
in productivity in technical change as well as efficiency changes to explore the sources of
productivity change:
1. Technical change: The changes of the in the maximum productivity over time. It is a
standard view that these changes are due to revolutions in technical know-how
(O’Donnell, 2012c). Nevertheless, they can also be broader interpreted as changes in
“environmental” factors over time (Solow, 1957).
2. TFP efficiency change: changes in the overall capability of laggards to catch up with the
maximum productivity that is possible (Ang, 2019).
a. Technical efficiency change: These movements can be the result of technology
adoption or a reduction of production errors made by the DMUs (O’Donnell, 2011).
It indicates if the laggards catch up with maximum productivity that is possible
within their current operation scale and production mix.
b. Scale efficiency change: Changes that can be explained by changes in economies
of scale (O’Donnell, 2011).
c. Mix efficiency change: Changes that can be explained by changes in scope (e.g.
changes in output and input mix) (O’Donnell, 2011)
In the following, I will explain in detail how the different approaches measure productivities, how
inputs and outputs are aggregated, and how productivity change is decomposed into technical
change and efficiency changes.

8

TFP level of additively complete approach is not separated into different parts. Separation of TFP changes
accomplished by a dual relationship between profit and distance function. More about this in chapter 3.1.2.1
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3.1.1 Multiplicatively complete Lowe analysis
As explained above, the multiplicatively complete approach measures productivities by the ratio
=

of aggregate output and aggregate input:

(

)

(

)

. Moreover, in this Master Thesis, inputs

and outputs were aggregated by the Lowe aggregator function.
In detail, the Lowe aggregator function (Eq. (4) & (5)) is a linear function that uses company- and
time-invariant representative prices
and
as weights to aggregate inputs and outputs
(O’Donnell, 2011).
(

)∝

∗

(4)

(

)∝

∗

(5)

Like proposed by O’Donnell (2012c), I used the element-wise9 means of all price vectors to obtain
representative input and output price vectors (Eq. (6) & (7)).
∑∑
∗
∑∑
=
∗
=

= ( ,…,

)′

(6)

=(

)′

(7)

,…,

Finally, the TFP of any observation can be calculated as visible in equation (8).
=

∗
∗

(8)

3.1.1.1 Decomposition of TFP levels
Before being able to decompose TFP change into technical change and efficiency changes, the MC
approach requires to decompose the TFP level into maximum productivity level and efficiency
levels. Nevertheless, O’Donnell (2010, 2011, 2012a, 2012b, 2012c) developed a framework that
enables this decomposition for all multiplicatively complete indices, including the Lowe index.
To calculate efficiency levels in the MC approach, it is necessary to decide for input or output
orientation. While in input orientation, the outputs are held fixed, and it is investigated how much
fewer inputs could have been used to produce a similar output, in output orientation inputs are
held fixed, and it is investigated how much more outputs could have been produced with similar
inputs.

9

Element-wise, because in the productivity/efficiency analysis there can be multiple inputs and outputs
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In this Master Thesis, I decided to focus on input orientation, which has two reasons. First, I had
only one output, which would have meant that mix efficiency was always 1 (fully efficient) in
output orientation. Second, the output was, to some extend, exogenously given by the number
of people and competition in the catchment area of a supermarket. Thus it was logical to focus
on reducing inputs.
The framework of O’Donnell (2011) estimates TFP efficiencies (TFPE) on a yearly basis. Therefore,
the dataset is separated into yearly sub-samples which have individual observed maximum
productivities (MP).
= max (

)

(9)

The
depicts the “technology” level of a period and connects the TFP efficiency scores (TFPEit),
which are calculated within the yearly sub-samples, to the overall productivity of an observation
(TFPit) (Eq. (10)).
=
=

(10)

/

(11)

Vice versa, the TFP efficiency, in reality, is calculated by dividing the productivity of an observation
by the maximum productivity of a time period. While the observed productivity and the maximum
productivity can take on all positive values, TFP efficiency can only take on values between 0 and
1, with 1 indicating full efficiency.

The decomposition of TFP efficiency itself requires to identify further points of economic interest.
These points can be found by estimating separate production possibilities frontiers for each
observation that is under consideration. The frontiers can be restricted by similar operation scale
or the same input/output mix (O’Donnell, 2011).
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Figure 3: Input-oriented measures of efficiency (n = 2)

Source: own figure after O’Donnell (2012c)

E.g., for illustration purposes, Figure 3 shows the calculation of input-oriented technical efficiency
(ITE) and input-oriented (pure) mix efficiency (IME) for a two-input technology with inputs
=
( 1 , 2 )′ and input prices
=(
,
)′. The solid blue line is an isoquant which resembles
the production possibilities frontier within fixed output quantity (scale) and the dashed line
10
through point A is an iso-aggregate-input line with slope −
/
and intercept /
.
Company A which uses
to produce a fixed aggregate output could move to the technically
efficient point B and radially reduce its inputs from
to
while holding the output and the
mix of inputs the same. Relaxing the input mix constraint, a further move to the mix efficient point
U with aggregate input
is possible. With the obtained aggregate inputs it is possible to
calculate
= / and
= / .
The same points A, B and U are mapped in Figure 4, but this time in aggregate quantity space.
Moreover, this graph shows two different production possibilities frontiers that apply for
observation A. Whereas, the solid blue curve through points B, D and C displays the mix-restricted
frontier that is individual for each company and time period, the solid blue curve through points
U, E and V shows the unrestricted frontier that applies to all companies of a time period.
Note that the slope of a ray from the point of origin to any other point in the aggregate quantity
graph displays the productivity of that point. That is because the slope is always calculated by
dividing an aggregated output by an aggregated input.

10

These are the normalized reference prices of the Lowe aggregator function. Similarly the slope could be −
in the case that the Färe-Primont

∗

/

∗
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It becomes clear from Figure 4 that TFP efficiency, which resembles a move from observation
point A to the maximum productive point E, can be decomposed in two different ways: along the
red or along the green arrows.
Figure 4: Visualization of TFP decomposition for multiplicatively complete indices

Source: own figure after O’Donnell (2012c)

However, both decompositions measure the level of input-oriented technical efficiency (ITE) by
the move of point A to the technically efficient point B on the mix-restricted frontier. As already
indicated in Figure 3 for the two-input case, moving to the technical efficient point means a
maximal radial reduction of all inputs11.

11

This only applies for input orientation. In case of output orientation moving to the technical efficient point means
a maximal radial increase of all outputs.
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Afterwards, following the red arrows means to optimize the input mix next while holding the scale
and thus output quantity fixed12. Therefore, the mix efficiency that is revealed by a further move
from point B to the point U on the unrestricted frontier is called pure (input-oriented) mix
efficiency (IME).
Having obtained the pure mix efficiency, the yet unexplained efficiency effects, which lead to
maximum productivity point E, are defined as residual scale efficiency (RISE). Thus, TFPE can be
totally decomposed as follows:
=

∗

∗

(12)

Contrary, following the green arrows, means to optimize scale first while holding the input mix
fixed. Like this, pure (input-oriented) scale efficiency (ISE) can be obtained. Point B and scale
efficient point D, therefore, lie on the same (company-specific) mix restricted frontier, but now
the level of aggregated output can vary.
Again, some efficiency effects stay unexplained, which are summarized as residual mix efficiency
(RME), such that the TFPE can be decomposed like:
=

∗

∗

(13)

The brown and the orange bar under the aggregate quantity graph in Figure 4 are both a measure
of mix efficiency but significantly differ in size. This indicates that the two different decomposition
methods could lead to slightly different results for mix and scale efficiency in some cases. When
interpreting the mix and the scale efficiency values, it is, therefore, advisable to have a look at
both, the pure and residual effects.
However, all efficiency levels in the multiplicatively complete approach are located between zero
and one, with one indicating full efficiency.
In reality, the graphically described (input) efficiency scores are calculated by Shepard’s input
distance functions (14) for different technologies
= (( , ) such that can produce )
(Chambers, Chung, & Färe, 1998; Shephard, 1970)
⃗(

12

,

) = sup{ > 0: (

/ ,

)

}

(14)

Figure 3 is an example for a scale restricted frontier in the two input case
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This “distance function measures the amount that one can translate the input (…) vector radially
from itself to the technology frontier in a preassigned direction” (Chambers et al., 1998). In the
multiplicatively complete approach, this preassigned direction resembles the radial direction out
of origin. The efficiency values itself are obtained by the reciprocal of the directional distance
function.
1
=
(15)
⃗( , )
The technology
is the universal denotation of the previously described frontiers that are
restricted by scale or input mix. In the case of DEA, the different technologies are narrowed by
linear programs. The specific linear programs that were used for this Master Thesis can be found
in appendix A.1.3.1.

3.1.1.2 Decomposition of TFP changes
So far, only the calculation of productivity and efficiency levels was described, but my main
interest is to obtain the respective changes.
Luckily, for multiplicatively complete indices, it is possible to divide each productivity and
efficiency level of a comparison observation by the levels of a reference observation while still
upholding the “complete” characteristic that the multiplication of all components reveals the
overall change:
∗
=
∗
(16)

=

=
=

∗
∗

∗

∗
∗
∗

∗
∗

=
∗

=

∗
∗
∗

(17)

∗

As stated above, the changes are denoted by the prefix “d”. While the value 1 for these changes
means that there is no difference to the reference observation, the value 1.10 (0.90) means that
the productivity/efficiency of the comparison observation has increased (decreased) by 10%
compared to the reference observation (O’Donnell, 2012c).
Besides the overall changes, annual change rates (ACR) can be calculated. In the MC approach,
the ACR of any variable (level) Z between periods s and t can be obtained by using equation (18)
(O’Donnell, 2012c).
ln(
(

,

)=

)

(18)

−
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The value 0.01 (-0.01) of
would have to be interpreted as an annual growth (decline) of
productivity/efficiency by 1%. The “complete” characteristic is upheld. However, now it is
(
) = ACR(
) + ACR(
) is valid.
additive, so that
,
,
,
A specialty invented by O’Donnell (2012c) for the multiplicatively complete approach is the
possibility to calculate implicit profitability. As grocery retailers themselves might be interested
in that measure, appendix A.6 shows the calculation of the implicit quantity and gives a short
interpretation of the results.
To calculate all the above-described values, I used the commonly available ‘productivity’ package
in RStudio, which is an interface for the statistical and graphical programming language R (Dakpo,
Desjeux, & Latruffe, 2018).

3.1.2 Additively complete Bennet-Lowe analysis
Having shown the procedure for the MC approach, this chapter demonstrates the productivity
calculation and its decomposition for the AC appraoch. As indicated above, in the AC approach,
the productivity of an observation is measured by the subtraction of an aggregated input from an
aggregated output (19).
= (

)− (

)

(19)

In detail, I used the Bennet-Lowe indicator developed by Ang (2019), which is currently the only
transitive indicator, to measure productivities in the AC approach. Moreover, in line with Ang
(2019), linear programs simulating variable returns to scale (VRS) and constant returns to scale
(CRS) were used to decompose the productivity measures.
A significant advantage of the decomposition framework developed by Ang (2019) is that it is not
necessary to decide for input or output orientation. E.g., a decision for input orientation, like
above, means that all outputs have to be fixed for the productivity decomposition.
However, the technology simulation by linear programs still requires to keep at least one output
=
,…,
∈ ℝ or input
=
,…,
∈ ℝ fixed to have an optimisation
13
boundary in the linear programs . Ang (2019) argues that there are several factors like “family
labour” or “outputs that are restricted by quotas”, which are naturally fixed in a production
environment.

13

My analysis shows: That boundary can be interpreted as indicator for scale in the VRS simulation and thus has to
be well defined.
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However, the AC Bennet-Lowe analysis requires excluding the fixed factors from the productivity
calculation to obtain a decomposable productivity score. Following, only variable output
=
(
) ∈ ℝ and variable input
) ∈ℝ
,…,
=(
,…,
quantities can be
aggregated (Eq. (20) & (21)) and used for productivity calculation. Omitting the fixed factors from
the productivity calculation means that special attention has to be given to the selection of the
fixed factors. A factor that is fixed within a time period, but can shift over a long time, should not
be selected as fixed factor, because that would lead to biased productivity values over time.
(

)=

′∗

(20)

(

)=

′∗

(21)

The Bennet-Lowe aggregator functions (Eq. (20) & (21)) use normalized time- and companyinvariant Lowe prices (of the variable factors) to aggregate input and output quantities. Inserting
(20) & (21) in (19) reveals that the TFP of this approach resembles a profit function with these
normalized Lowe prices.
=

′

−

′

(22)

The normalization of Lowe prices ( & ) (and thus of the profit function) is necessary, because
Ang (2019) bases his productivity decomposition framework on a dual relationship between a
maximum profit function and a directional technology distance function. This dual relationship
was found by Chambers, Chung, and Färe (1998) and depends on a fixed ratio by which the profit
function needs to be normalized to be on the “same level”14.
The fixed ratio itself depends on fixed directional vectors
and
, which contain the average
output and input quantities of the variable factors (Eq. (23) & (24)).
∑∑
∗
∑∑
=
∗

=

14

Chambers, Chung and Färe (1998) prove: ( , ;

,

=

,…,

=

,…,

) = inf
,

′

(23)
(24)

[ ( , ) (
(

)]
)
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Having obtained the fixed directional vectors, the normalized Lowe prices can be calculated as
follows:
=
=

′

+

′

(25)

′

+

′

(26)

3.1.2.1 Calculation of inefficiency levels
Having shown how the current TFP of an observation is obtained and that it resembles a profit
function with normalized Lowe prices, the next step is to explain how changes in that TFP can be
decomposed into technical change and efficiency changes. However, to decompose the TFP
change in the AC Bennet-Lowe analysis, it is necessary to calculate inefficiency levels first.
Unfortunately, there are no such self-evident aggregate quantity graphs for the AC Bennet-Lowe
analysis, but, as indicated earlier, the decomposition depends on a dual relationship of maximum
profit function and directional technology distance function.
) has to be calculated first (Eq. (27)). Observe,
In line with this, the maximum profit Π (
,
that compared to the technology in the MC approach, the technology
in the AC BennetLowe analysis does not only depend on the time t, but also on the company i. That is because
here the technology is subject to the fixed factors, which are individual per company.
Π (

,

) = max {
,

:(

−

,

)

}
(27)

= TFP

In the following, I refer to the maximum profit Π (
,
) as TFP
, because it is the
maximum TFP that a company could have reached facing its fixed factors and using the actual
technology.
The difference between the TFP
and the observed
(Eq. (28)) is the “normalized
deviation from the profit-maximizing point” (Ang, 2019). This difference is called profit
inefficiency (PI) because the difference between both TFPs can be interpreted as the missed profit
of an observation.
= TFP
= TFP

−(
−

−

)

(28)
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The second part of the dual relationship is the directional technology distance function. Opposed
to the Shephard distance function, the directional technology distance function (Eq. (29))
invented by Chambers, Chung, and Färe (1998) contracts inputs and expands outputs at the same
time. Moreover, the inputs or outputs are not radially reduced or expanded, but they are
transposed along the directional vectors
and
.
⃗(

,

;

) = sup{ > 0: (

,

−

,

)

+

}
(29)

=

Because
and
display the average input and output mix of all observations, the maximum
possible linear transposition along these directional vectors while still remaining possible can be
regarded as (sole) technical inefficiency (TI) of an observation.
Since the maximum profit function and the distance function (and thus PI and TI) were brought
on a “similar level” by normalizing prices, the difference between overall PI and sole TI can be
residually interpreted as mix inefficiency (MI) (Eq. (30)). Vice versa, TI and MI add up to PI (Eq.
(31)).
=

−

(30)

=

+

(31)

All three described inefficiencies were calculated for the two different technologies: CRS and VRS.
Let

,

∈ℝ

×

,

and

×

∈ℝ

be quantity matrices of variable outputs and inputs ,

,

∈

ℝ × the quantity matrix for the fixed inputs, and ∈ ℝ a × 1 vector containing choice
variables, then the two different technologies can be written like (32) & (33).
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Observe that, as indicated earlier, both technologies contain
individual per company15.

15

,

≥

(32)

, 1′ = 1

(33)

≤

which makes them

In this Master theses I decided to keep just one input fixed. If additionally an output would have been fixed,
,
≥
needs to be added to each technology.
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It can be proved that
⊇
, because
has omitted the convexity constraint 1′ = 1
while being the same in all other constraints. Following, the obtained
in the CRS technology
is regarded as overall TFP inefficiency (TFPI) (Eq. (34)).
,

= TFP

−

=

(34)

Afterwards, the inefficiencies obtained by CRS and VRS technology are used to decompose the
overall TFP inefficiency (TFPI) in two different ways: (35) & (36). It has to be noted that both
decompositions regard to
as the actual technical efficiency.
Nevertheless, apart from that, the first decomposition interprets the difference between CRS and
VRS technical inefficiency as scale inefficiency in quantity terms and thus primal scale inefficiency
(PSI). Residually, the mix inefficiency with regard to the CRS frontier (
) completes the
16
decomposition .
=
=

+
+

−

+
+

(35)

On the contrary, the difference between CRS and VRS profit inefficiency can be interpreted as
dual scale inefficiency (DSI). Dual, because it contains quantity as well as price changes. To obtain
a complete decomposition, this time the actual mix efficiency with regard to the VRS frontier is
taken as mix inefficiency value17.
=
=

+
+

−

+
+

(36)

Similar to the MC approach, the two different decompositions into scale and mix inefficiency can
obtain different values in the AC Bennet-Lowe analysis, too. Thus, both decompositions should
be considered when interpreting the results.
Observe that all obtained inefficiency levels are bigger or equal to zero, with zero indicating full
efficiency (no inefficiency).

3.1.2.2 Decomposition of TFP changes
Having obtained the maximum productivities and different inefficiency levels, again, the main
interest lies in their respective changes. In the AC Bennet-Lowe analysis, these changes can be
obtained by subtraction. Ang (2019) refers to the subtraction based
=
−
as the overall Bennet Lowe indicator. Furthermore, this indicator can be decomposed in

16
17

is substracted from itself and
=
+
=
is the original definition of
Because −
+
+
= 0 we reveal the original definition:
=

29

two steps: (37) and (38). These two steps reveal a similar decomposition as in the MC approach
and, therefore, can be directly compared to them (Ang, 2019; O’Donnell, 2012b).
= (TFP
=
=
=
=
=

−
−

,

− TFP
+(
+
+(
+

,

)+(
+
−
−

)+
+
)+
+

−

)

(37)

−
−

(38)

The differences between the maximum productivities (in the CRS benchmark technology) display
a shift of the technological frontier and can, therefore, be regarded as technical change (TC).
However, remembering that the maximum productivity (TFPmax) depends on the individual fixed
factors of an observation, a multilateral comparison of TC might have to be interpreted with
reservation18. Nevertheless, a multitemporal comparison should pose no problem.
While the TC is obtained by subtracting the maximum TFP of the reference observation from the
maximum TFP of the comparison observation, efficiency changes are obtained by subtracting the
inefficiency of the comparison observation from the inefficiency of the reference observation.
Thus, the directions of the changes are aligned. Whereas the value zero for any change means
that there is no change, the value 0.10 (-0.10) means that the productivity/efficiency has
increased (decreased) by 10 % compared to the reference observation.
To obtain annual change rates of any variable Z between the periods s and t in the AC BennetLowe analysis, the difference of the variable has to be divided by the number of years in between
(Eq. (39)). In the AC Bennet-Lowe analysis, the variable Z can be TFP levels and changes as well as
efficiency changes19.
−
( , )=
(39)
−
The annual change rates remain additively complete, and again, a value of 0.01 (-0.01) can be
interpreted as an annual increase (decrease) of 1%.
Like the MC Lowe analysis, I conducted the AC Bennet-Lowe analysis in RStudio. However, for the
new Bennet-Lowe analysis, no standardized package is available, but provided example codes by
Frederic Ang were used as a basis.
18

As will be seen later, this fact has similar implications for the other variables, too. Bennet-Lowe indicators cannot
be used for a multilateral comparison of observations with different scales (size of fixed factor).
19
For the calculation of annual efficiency changes with inefficiency levels
−
would have to be changed to
−
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3.2 STATISTICAL TESTS
To check already stated and additionally upcoming hypotheses, it is necessary to test them
statistically. It is straight forward to test if the means of productivity/efficiency levels and changes
differ between different sub-samples.
Statistical tests are often conducted by T-tests, but T-tests require a similar variance of the two
comparison samples and an underlying normal distribution (Kassambara, 2019). Contrary,
conducted F-tests revealed significant differences between the variances of the sub-samples, and
Shapiro-Wilk tests uncovered a significant difference from normal distribution for all productivity
and efficiency variables.
There are two possibilities how to solve this problem. On the one hand, it is possible to follow the
Central Limit Theorem for sample sizes above 30. It justifies using the parametric Welch test for
not normally distributed independent samples with different variances (LaMorte, 2017).
On the other hand, the nonparametric Mann Whitney U test, which is independent from normal
distribution, could be used to test the hypotheses. However, this test compares rather if there is
a difference in the median and distribution of two samples than testing a difference in means
(Kassambara, 2019).
In this Master Thesis, I will use both solutions to validate the results.
In the case of MC indices (Lowe analysis), it is more appropriate to compare geometric means
instead of arithmetic means. However, that can be solved quickly, because comparing geometric
means is equal to comparing the arithmetic means of the logarithms (IBM, 2020).

3.3 DATA AND ANALYSIS
The efficiency analysis of (general) French grocery retail industry and the comparison of the
different socioeconomic characteristics and the big brands is made using quantitative data. In this
chapter, I will describe the sources of my data and how data is selected and transformed for the
efficiency analysis. Moreover, some insights into the dataset and French grocery retailers will be
given.

3.3.1 Data collection
In the following, I will start by describing the sources of my data and how it was collected.

3.3.1.1 Orbis database
This study was dependent on secondary data because grocery retailers are not eager to share
their sensitive data. Fortunately, companies are forced by law to hand in a balance sheet and
income statement. The Bureau van Dijk (2020) collects these annual reports from as many
companies as possible in their ORBIS database. They use “170 separate providers, and hundreds
of own sources” to gather and standardize company data. That makes the database “the world’s
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most powerful comparable data resource on private companies” with sensitive information for
about 365 million companies and entities (Bureau van Dijk, 2020).
In the Orbis database, it is possible to set search parameters for particular regions, industries, and
variables that have to be available. However, due to a missing VPN connection, I had only access
to the database before the Coronavirus broke out. Therefore, already in March 2020, I
downloaded all data that was available for European grocery stores and had known values for
sales, material costs, costs of employees, and fixed assets. In this face, grocery stores were
selected by the North American Industry Classification System (NAICS) code 4451, which includes
“Supermarkets and Other Grocery Stores” (U.S. Department of Commerce, 2017).
All accounting data is given in thousands of euros and is available from 2012 up to 2018. In
addition to the accounting data, company names, postcodes, company websites, and business
descriptions were downloaded.
The big dataset (including all European grocery stores) was reduced to French grocery stores, and
obvious transferring mistakes were manually removed from the dataset by setting plausible
thresholds. More details about this procedure can be found in appendix A.2.1. Finally, 1657
companies (DMUs) provided the basis for the next step of data collection.

3.3.1.3 Setting categories for diverse store types and the big brands
One aim was to test the transferability of the analysis results into other European member states
by comparing if the productivity/efficiency effects differ between different store types.
Unfortunately, the company names of the French grocery retailers do not directly provide insights
into their brand belonging or store type. Moreover, the company websites and business
descriptions offered in the Orbis database were not trustworthy and wrong in most cases.
Therefore, it was necessary to google each company name together with its postcode to add the
store type and the brand name by hand. On company websites, further websites for company
data like “societe.com”, “dnb.com”, and “fr.kompass.com”, or by accidental denomination on
other websites, it was possible to find the store type for almost all observations and brand
belonging for the most observations in the dataset.
If a corporate operated several different store types, the store type with which it made the
highest turnover categorized it.
Companies, which I could not find at all by googling them, were excluded from the dataset.
Furthermore, some companies had to be excluded because they specialized in wholesaling,
transportation, frozen products, or direct marketing and were mismarked with the NAICS code
4451. An overview of the coded categories can be found in Table 22 in the appendix.
Having completed the reduction of the dataset, 1560 companies entered the efficiency analysis.
Later I will refer to these 1560 companies as the “original dataset”.
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Table 1: Overview of the representation of the biggest retailing brands and their store types in the original
dataset
Observations in the dataset

Brand
Carrefour
E-Leclerc
Intermarche
Casino
Systeme U
Auchan
Lidl
Louis Delhaize
Metro
Amazon
Aldi
Biocoop
Netto
Unknown
Sum

Revenue
(million in
2018)
40.1
37.3
26.7
22.0
19.9
19.0
12.2
7.2
5.5
4.1
3.3
1.2
1.1

All

Hypermarket Supermarket

139
174
524
176
319
7

7
156
43
2
33
2

440
19
232
5

2

1

1

7
12
43
157
1560

Discount
store

51

56

Convenience
store

Organic
retailer

77
1
9
99
43

Company
with gas
station
4
17
32
11

7
12
41
11
255

74
822

104

2
53
282

4
16

66

Source of revenues in 2018: (Statista, 2019)

As can be seen in Table 1, the Orbis dataset contains no information for the French grocery retail
of Lidl, Metro, and Amazon. I scanned the database before the reduction process for observations
of these retailers. There was one observation for Lidl, but unfortunately, none accounting
information was given for this observation. Moreover, it was not possible to get this information
on the company website or by contacting the management. I had to accept that these retailers
could not be part of the productivity/efficiency analysis.
The observations with given and plausible accounting data are available for different corporate
structures and, thus, operation scale levels. While for some of the big grocery retailing brands,
there are only a few aggregated observations available, other brands have a more diversified
corporate structure, and observations are available on regional or store base (see Table 1).
It can be concluded that some brands like Intermarche have high differentiation in corporate
structure, and others like Louise Delhaize work in very centralized structures. However, all
companies of one big grocery retailing brand belong together, may have a joint material
procurement, and sometimes hold shares from each other. Thus, when analyzing the “original
dataset” with all original observations, the measure "scale efficiency" should be interpreted as a
measure of optimal selection of decentralized or centralized corporate structure and not as
effects of scale in the proper sense20.

20

Later I will define an analysis of prior aggregated brands and store types (prior representatives). In that analysis
scale efficiency can be interpreted as scale efficiency in the proper sense.
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3.3.1.2 Adding regional socioeconomic information
To be able to answer, if there are different productivity/efficiency effects in different regions with
predefined socioeconomic characteristics, it was again necessary to add further information to
the Orbis dataset.
With given postcodes, it was possible to add the new variable “French departments” to the
dataset by using rages of postcodes for the identification of a department (Interaktiv GmbH,
2020). Table 23 in the appendix shows that the dataset contains in average 16.2 observations per
department. The minimum is only 1 observation in Creuse and the maximum 101 observations in
Yvelines.
In a second step, socioeconomic parameters of a department were added to each observation
according to its location:
1. An interesting parameter to be tested is the current population density in the near of the
grocery retailer. One could conclude that grocery retailers in an area with high population
density have enough customers and that they are operating at their capacity limit. Thus,
the overall reduction of customers, due to an increase of free served meals, could affect
grocery retailers in high-density areas less than grocery retailers in rural low-density areas.
2. Not only the absolute value of population density but also the variation of population over
time should be taken into account. Even if the level of population density is high,
additionally lost customers, due to the new law, could hit grocery retailers in an area with
falling/stagnating population more severe than grocery retailers in an area with low
population density level but rising trend of inhabitants. The impact of the value might
depend, e.g., on the lethargy of the grocery suppliers to adjust the number of grocery
stores per area to the actual demand.
3. While the first two added parameters concentrate only on the number of customers that
grocery retailers might have, the average net income per household provides information
on how prosperous its customers are. Wealthy customers have a lower price elasticity (Ni
Mhurchu et al., 2013). Thus, grocery retailers in high-income regions might be tempted to
increase their accompanying service levels and, thus, their grocery prices (to replace lost
customers) more than retailers in low-income regions. Consequently, it is expected that
the difference in productivity between grocery retailers in high-income and low-income
regions increased after the law came to force.
4. The last socioeconomic information that is checked for its impact is the poverty rate of a
region. Grocery stores in regions with a high poverty rate might lose more customers to
food banks than grocery stores in regions with a low poverty rate. Therefore it is expected
that productivity changes more in regions with a high poverty rate than in regions with a
low poverty rate.
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In order to be able to compare and test differences in areas with different socioeconomic
characteristics by the previously described statistical tests, I defined three observation sets for
each parameter: low, medium, and high values. Table 2 shows the chosen thresholds and the
number of companies in each “socioeconomic parameter set”.
Moreover, only companies with a high number of individual observations and thus diversified
corporate structure are used to analyse socioeconomic differences. Other companies, with a
centralized corporate structure, might be assigned the socioeconomic characteristics of their
headquarter location while operating in the whole of France. Following, the number of
companies, which were used for the comparison of socioeconomic characteristics, declined to
1373.
Analyzing only diversified companies might also solve the biggest problem of the additively
complete approach, the sensitivity towards scale, to some extent. However, different
centralizations in different regions could still influence the comparison of different socioeconomic
areas, and thus I will have to evaluate the appropriateness of the comparison with AC BennetLowe analysis results.
Table 2: Statistics of socioeconomic information and definition of low, medium and high socioeconomic
parameter sets

Source of socioeconomic information: (INSEE, 2020c, 2020i; Ministère de l'Economie & JDN, 2015)

3.3.2 Selection of inputs and outputs
In an efficiency analysis, it is estimated how efficient a DMU can produce outputs by using inputs.
Although grocery retailers do not have a production in the classical definition, this is not a big
problem.
Already in the past, DEA was applied to unusual productions like hospitals and criminal justice
systems. However, it remains necessary that all DMUs that are analysed with (the same) DEA
“utilize similar inputs to produce similar outputs” (Cooper et al., 2006).
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In this face, all grocery retailers “produce” a similar service: They centrally procure food and (a
smaller part of) non-food products and hand it over to their customers.
The output of grocery retailers consists of two parts. On the one hand, the level of output depends
on the number of products that they hand over to their customers; on the other hand, grocery
retailers provide an additional service level to their customers. This additional service level
contains the proximity to its customers, the furniture, the assortment range, the opening hours,
and the availability of assistance in the store.
The accounting data of the Orbis database contains two variables that could have been used to
measure the output of the grocery stores: “Operating turnover” or “Sales”. In this study, I used
“Sales” as the output for the productivity/efficiency analysis. This variable includes the basic sales
price of the food and non-food products as well as the individual price premium that a store can
“produce” by its service level. However, sales do not include additional income that, for example,
comes from renting out real estate. The operating revenue would have had included this
unwanted output.
To provide the service of handing over consumer products to the end consumers, grocery retailers
need the three main recourses: assets, materials, and employees.
The assets include real estate as well as equipment and furniture to present the assortment.
Materials are the procured consumer goods which are handed over to the end consumers, and
employees are needed to operate the grocery store and provide assistance for the customers.
It can be argued that the inputs “assets” and “employees” mainly produce a higher service level
for customers; thus, I refer to them as “service-related inputs”.
The Orbis database contains yearly “material” costs and yearly costs of “employees” that can be
directly used as input values.
While the selection of the input values for “material” and “employees” was very straightforward,
the selection of an appropriate yearly measure of “assets” was complicated. The yearly value of
“assets” could have been represented by the “depreciation”. Unfortunately, France has two very
different depreciation methods for business companies: the linear as well as a degressive
depreciation. Although most French grocery retail companies use the degressive depreciation21,
some companies do not (Tiley, 2012). Moreover, in 2016 a Finance Bill was introduced, “enabling
companies to claim an additional deduction equal to 40% of the asset investment” for some
commodities (PricewaterhouseCoopers & Combe, 2019). That is why taking “depreciation” as
input would have led to biased results.
To overcome the problem of different depreciation methods, I defined the variable “investments
in fixed assets”. This variable was obtained by equation (40).

21

Families or other large shareholders own most French supermarket companies. They use accelerated depreciation
to minimise taxes on profits; in opposite e.g. most British supermarkets depend on the stock market for capital and
depreciate their assets slowly to boost profits (Tiley, 2012).
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Having solved the problem of different depreciation methods, several other problems came up.
Firstly, it necessitates that the most recent year has to be excluded from the analysis, because
the calculation requires the assets of the following year, too. Secondly, the variable “investments
in fixed assets” only counts for expenses in one year and does not depict the overall level of assets
of a company. Finally, simple regression analysis with sales as output revealed a negative estimate
(-0.73) for the new variable (see Table 25). The reason for that could be that stores have to close
when they are refurbishing and therefore the sales in that year are lower. Thus, the variable
“investments in fixed assets” is rejected again. However, the calculation of investments in fixed
assets gave some valuable insights into the dataset, which are summarized in Table 3. The
investments in fixed assets continually decreased from 2012 to 2017. However, it seems like the
starting value of investments in 2012 was very high because up to 2017, the nominal value of
mean fixed assets was built up. Contrary, from 2017 to 2018, a strong regress of fixed assets was
visible due to very low investments in 2017.
Table 3: Yearly means of nominal variables (in th €)
Years

Fixed assets

Depreciation

2012
2013
2014
2015
2016
2017
2018

6835.128
7505.887
7648.836
7712.032
7700.204
7739.711
7531.191

679.939
719.743
744.851
740.784
742.112
684.678
680.349

Investments
in fixed assets
1350.699*
862.692
808.047
728.956
781.619
476.158
N.A.

Yearly fixed
assets
643.359
706.495
719.950
725.898
724.785
728.504
708.877

*1350.699 = 7505.887 – 6835.128 + 679.939

The variable “yearly fixed assets” replaced the previously described disadvantageous variable
“investments in fixed assets”. The new variable “yearly fixed assets” is obtained by dividing the
fixed assets of all observations by the average depreciation period of the dataset (see Eq. (41)).
In the reduced dataset, the average depreciation period is 10.62 years.
∑∑
=

/

(41)

∗

Although there might still be an influence of different individual depreciation methods, compared
to the variable “depreciation”, the “yearly fixed assets” are less prone to that financial selection.
The variable “yearly fixed assets” depicts the available level of assets in the observed year and
accurately breaks them down on yearly costs.
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So far, I did not explain why the break down on yearly costs is essential. It is necessary because I
did not rescale my inputs and outputs for the MC Lowe analysis.
The ‘productivity’ package standardizes all inputs and outputs by dividing them by their own
mean in the default setting. However, luckily this standardization can be turned off.
All inputs and outputs are already described by their monetary values. Therefore, the relation of
the inputs and outputs to each other, which also indicates their importance for the production
process, should not be distorted. This concept should be used for all upcoming efficiency analyses
that are solely based on monetary accounting data.
A test with the Lowe index and individually rescaled variables obtained that the influence of
changes in “yearly fixed assets” on the efficiency of grocery retailers would have been highly
overestimated if the inputs had been individually rescaled (see Table 24 in the appendix).
The main reason for this is that the average supermarket needs a much higher share of materials
(procured consumer products) compared to fixed assets. To “produce” its service, an average
grocery store uses (in monetary values) 1.89% yearly fixed assets, 85.23% material, and 12.88%
employees. Rescaling the inputs by their own means would have meant that cutting in half the
material costs had a similar effect on the TFP of a grocery retailer as cutting in halve fixed assets,
neglecting that there is a vast difference in monetary terms and importance of the input (see
Table 24).
It has to be noted that the prices always have to be normalized for the Bennet-Lowe analysis, but
this normalization is not variable-wise. In the Bennet-Lowe analysis, all variables are normalized
by the same value, and thus there is no distortion of the relative importance.
Back from the excurse of rescaling, I conducted a simple regression analysis of the three selected
inputs and sales as output. The regression analysis yielded a highly significant model with an
adjusted R-squared of 0.9997 (see Table 25). This verifies the assumption that grocery retailers
“produce” their service with the three inputs: assets, material, and employees.

3.3.3 Transformation of inputs and outputs: nominal vs. real values
The accounting data in the ORBIS database is provided in nominal values. That means despite
inflation, wage increases, or different costs of materials over time, the actual money that is paid
or received is displayed in the database. However, for the productivity analysis, I used different
price indices to translate the nominal values into real values and, therefore, implicit quantities.
It has to be mentioned that I applied individual price indices per store type because the different
store types sell different shares of food and non-food products.
Although the product shares within a store type were not directly given (except for
hypermarkets), it was possible to calculate them with given data by INSEE (2020e) (see Table 4).
First, the shares of a store format within food as well as in non-food retail were given.
Second, I could find out that food accounts for 34% and non-food for 66% of complete retail in
France.
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Using both information, it was possible to calculate that, on average, 66.18% of the sales turnover
of hypermarkets comes from selling food while convenience stores generate 78.79% of their sales
with food. Thus, I hypothesized that the higher share of food in convenience stores makes them
more vulnerable to the food waste abolition law.
As can be seen in Table 4, the calculated shares within hypermarkets almost perfectly match the
shares directly given by INSEE. Having proven the correctness of the calculated food shares, they
could be used as weights for the calculation of individual price indices (for more details see
appendix A.2.4).
Table 4: Calculation of food and non-food shares within a store type
Share in overall retail
Given in INSEE

Calculated

Share within the store type
Calculated

Given in INSEE

Retail type

Food

Non-food

Both

Food

Non-food

Hypermarkets

35.90%

9.45%

18.44%*

66.18%**

Supermarkets

29.55%

5.55%

13.71%

73.28%

26.72%

not available

Convenience stores

6.85%

0.95%

2.96%

78.79%

21.21%

not available

Others

27.70%

84.05%

64.89%

Shares of French retail 34.00%
66.00%
* 18.44% = 35.90%*34.00% + 9.45%*66.00%
**66.18%= 35.90%*34.00% / 18.44%

100.00%

33.82%

65.85%

34.15%

Besides the calculation of implicit quantities, remember that the output “sales” is very special. As
described before, sales do not just display the quantity of food that is sold, but additionally
contain an individual price premium that a store can “produce” by its service level.
However, dividing by the sales price indices means that the output “sales”, is adjusted for general
industry-wide changes in the sales prices and thus industry-wide shifts of the service level, too.
Unfortunately, there is no way how to extract an appropriate output variable that only contains
the service level.
Contrary, the division by the industry-wide price indices does not normalize the individual price
premium that a company can “produce” by its service level. Thus, comparing different companies,
socioeconomic parameter sets, and store types within a time still includes different service levels.

3.3.4 Selection of optimisation orientation
As mentioned in the methodology part, it is necessary to decide which outputs to expand or
inputs to contract for the efficiency analysis.
For the MC Lowe analysis, which requires either to contract all inputs or to expand all outputs, I
decided on contracting inputs because of the, to some extend, exogenously given and single
output “sales”.
Contrary, the AC Bennet-Lowe analysis requires only to fix one variable while the other variables
can be expanded/contracted. To align both analyses, it would have been consistent to select the
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output “sales” as fixed variable. As “sales” is the only output, the profit-maximizing problem of
the Bennet-Lowe indicator would have become a cost-minimizing problem. Although the
reduction to a cost minimization would not have been a methodical issue, I decided not to fix
“sales”. As can be seen in Table 5, the implicit quantity of “sales” strongly decreases in 2017 and
2018. While the MC Lowe analysis includes the fixed factors in the TFP calculation, the AC BennetLowe analysis omits the fixed variables from TFP calculation. Thus, fixing sales in the Bennet-Lowe
analysis would have led to highly biased productivity results after 2016.
As a next step, it seemed to be logical to select “yearly fixed assets” as fixed variable because the
variation is low, and the variable contains assets that are fixed by definition. However, the
selected fixed variable is an indicator of scale in the linear program. As the problems with different
depreciation methods are reduced but not eliminated, selecting “yearly fixed assets” as fixed
variable in the AC Bennet-Lowe analysis leads to incorrect results22.
Finally, I had to decide either to fix “material costs” or to fix “costs of employees”. As “costs of
employees” have a lower variation, and it is easier to defend that staff cannot be freely laid off
and hired because of worker rights, I decided to select “costs of employees” as fixed variable for
the AC Bennet-Lowe analysis. Nevertheless, note that consequently, the mix efficiency value of
the AC Bennet-Lowe analysis reduces to an optimal selection of “yearly fixed assets” / ”material
costs” ratio.
Table 5: Mean implicit quantities of companies in the reduced dataset and the variation over time (in th €)
Years
2012
2013
2014
2015
2016
2017
2018

Yearly fixed assets
Real value Variation
645.047
-79.737
710.473
-14.311
723.436
-1.348
731.149
6.365
724.784
0.000
725.772
0.988
700.360
-24.424

Material costs
Real value Variation
35056.369
-822.300
34400.267 -1478.402
34857.991 -1020.678
35471.279
-407.390
35878.669
0.000
35470.448
-408.221
35552.752
-325.917

Costs of employees
Real value Variation
5146.936
-315.797
5254.218
-208.515
5519.805
57.072
5571.571
108.838
5462.733
0.000
5525.431
62.698
5421.916
-40.817

Sales
Real value Variation
47363.118
-423.140
47096.059
-690.198
47592.022
-194.235
47923.719
137.462
47786.257
0.000
47086.526
-699.731
46109.707 -1676.550

Besides the selection of optimisation orientation, Table 5 reveals a first insight into the effects of
the food waste abolition law: The companies in the dataset generated (on average) 3.5% fewer
sales in 2018 compared to 201623. At the same time, the companies reduced the number of
procured products (on average) only by 0.9%24. That implicates that the ratio of sold products to
procured products decreased in 2018 compared to 2016. Knowing that almost spoiled food will
be donated and that tax credits are granted, grocery retailers might be tempted to pay less
attention to reduce the number of almost spoiled food. Moreover, the risen competition due to
22

In my analysis TFPEC and TC were completely different to the multiplicatively complete counterparts. Moreover,
in one decomposition the mix efficiency with regard to the CRS frontier fully explained all TFPEC and in the other
decomposition TFPEC is fully explained by the dual scale efficiency.
23
−1676.550/ 47786.257 = −3.5%
24
−325.917/35878.669 = −0.9%
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fewer consumers might increase the importance to have always a full assortment to attract
customers.
However, observe that that discrepancy between “material costs” and “sales” already started in
2014. Compared to 2016 in 2014, supermarkets needed 2.8%25 less procured materials to
generate almost the same sales (-0.4%26).
While the number of employees did not considerably change between 2016 and 2018 (-0.7%),
the fixed assets decreased on average by 3.4%.

3.3.5 Distorted representation of big brands in the dataset
In 2018, the gross retail sales of the important grocery retailers in France were 199.62 billion €.
At the same time, the sales of all grocery retailing companies in my dataset add up to 71.48
billion €, and thus 35.8% of the complete grocery retailing industry is represented (see Table 6).
This percentage is not very high, but it seems to be sufficient to find out possible differences
between different socioeconomic parameter sets and between different store types. However,
when wanting to investigate the effects of the law on the entire grocery retail industry, I faced
the problem of a “distorted representation” of the big brands in the dataset.
Table 6: Distorted representation of big brands in the dataset: difference in percentage points

Source: (Statista, 2019)

Other studies summarize the analysis results simply by arithmetic means in case of the AC BennetLowe analysis or geometric means in case of the MC Lowe analysis, but because of the “distorted
representation”, for my thesis, another approach had to be chosen.

25
26

−1020.678/35878.669 = −2.8%
−194.236/47786.257 = −0.4%

41

On the one hand, the summary of the AC Bennet-Lowe results is sensitive towards operation
scales, and thus the total revenue that is represented in the dataset. On the other hand, the
summary of the MC Lowe results, which are homogeneous of degree zero, is only dependent on
the total number of observations in the dataset.
Nevertheless, I obtained a difference of more than 10 percentage points (PP) between the shares
in the dataset and the (revenue) shares from Statista (2019) for both, the revenue and the number
observations (marked blue in Table 6). While Auchan had the sixth-highest revenue in 2018
according to Statista (2019), in my dataset, it accounted for the second-highest revenue (22.69%),
but at the same time, that revenue consisted of only 0.5% of the observations in the dataset.
Following, the importance of Auchan's productivity/efficiency is overestimated in the AC BennetLowe analysis and underestimated in the MC Lowe analysis. Thus I developed two different tactics
on how to solve that problem: “subsequent representatives” and “prior representatives” tactic.

3.3.5.1 Subsequent representatives tactic
For the MC Lowe analysis, it was possible to find an appropriate way how to “subsequently”
summarize all results of the analysis according to their importance in the overall grocery retail
industry.
I first summarized all analysis results within the big brands and the respective store types by
(normal) geometric means. For example, all analysis results of the 43 companies that fall under
the category “Intermarche Hypermarket” were summarized with geometric means. Later I will
refer to that geometric means of the analysis results as “subsequent representatives”.
Having obtained the “subsequent representatives”, a weighted geometric mean could be used to
summarize the “subsequent representatives” according to their importance in the overall grocery
retail industry. The weights that were used for the industry summary can be seen in Table 7.
Table 7: Weights for industry summary calculated by revenue and sales area

Source of revenues:(Statista, 2019); source of sales areas in 2017: (LSA, 2017a, 2017b)
*Leader price is part of casino, but for that “representative” we were able to obtain the exact revenue
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As a basis for the calculation of the weights, I used the revenues in 2018 from Statista. However,
this time only the revenues of the big brands that have at least one observation in the dataset
were used. They add up to only 177.82 instead of 199.62 billion € revenue27.
However, as indicated above, a “representative” is categorized as a particular big brand that
operates a particular store type (e.g. “Intermarche Hypermarket”).
Although it was not possible to find the exact revenues of a specific store type and specific big
brand, the different sales areas of the “representatives” were given. Following, the revenue
shares of the big brands were spread to the different store types by the given sales areas28.

Unfortunately, I was not able to find a likewise “subsequent” tactic to summarize the results of
the AC Bennet-Lowe analysis according to their importance. A summary like above, just with
(weighted) arithmetic means, led to bizarre results. That had two reasons:
1. As written in the methodology part, the Bennet Lowe indicator is homogeneous of degree
one and thus sensitive towards scale. Following from the sensitivity towards scale, the
productivity of big brands with centralized corporate structure is much higher by
definition, because the fewer observations always have a higher operation scale.
Therefore, the “subsequent representatives” (of AC Bennet-Lowe analysis) did highly
differ, but that is only caused by the different corporate structures and not by differences
in “real” productivity.
2. Due to the dependency of the technical changes (in the AC Bennet-Lowe analysis) on the
individually fixed factors, subsequently applied weights lead to huge differences in
technical change that cannot reasonably be explained.

3.3.5.2 Prior representatives tactic
As it was not possible to “subsequently” summarize the Bennet-Lowe analysis results according
to the importance in the grocery retail industry, I decided to start a new analysis with “prior”
calculated representative big brands and store types. Instead of the 1560 original observations in
the dataset, only 22 theoretical “prior representatives” (e.g. Intermarche Hypermarket) entered
the new productivity/efficiency analysis.
To obtain the “prior representatives”, I first summed up the inputs and outputs of all observations
of a big brand and respective store type (e.g. the “yearly fixed assets”, the “material costs”, the
“costs of employees” and the “sales” of the 43 companies that fall under the category
“Intermarche Hypermarket” were summed up).

27
28

E.g. 40.1/177.82 = 22.55%
(Carrefour Hypermarket)
E.g. 22.55% ∗ 1.667/3.775 = 9.96% (Carrefour Hypermarket)
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Afterwards, I used the weights from Table 7 and multiplied them with the sum of all revenues in
2018 (177.82 billion €) to obtain the theoretic revenues of each big brand and respective store
type in 2018 (see Table 8).
Finally, the summed up inputs and outputs (of each big brand and respective store type) were
multiplied with the ratio of the theoretic revenue in 2018 (Table 8) and the summed up “sales” in
2018.
Table 8: Theoretic revenue of "prior representatives" (in billion €)

The “prior representatives”, calculated as described above, possess the theoretic revenues in
2018 as their real “sales” value in 2018. Nevertheless, the amount of “sales” can still vary over
time according to the variation in the original dataset.
As mentioned above, the reduction to “prior representatives” means that only 22 DMUs instead
of 1560 DMUs entered the new productivity/effectivity analysis. As it is a disadvantage of DEA to
result positively biased efficiency scores for a small number of DMUs, I applied the AC BennetLowe analysis as well as the MC Lowe analysis on the “prior representatives” to crosscheck the
influence of the DMU reduction.
It has to be mentioned, that contrary to the productivity/efficiency analysis of the original dataset
(subsequent representatives), the analysis of “prior representatives” obtains scale efficiency
values that can be interpreted as the effect of operation scale in a proper sense29.
However, if I had only focused on the “prior representatives”, a comparison of different regions
and socioeconomic characteristics would not have been possible.

29

Although the store types of one big brand might be still interlinked, they have different assortments (own material
procurement) and might also have an own advertising budget (e.g. Leader Price)
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3.4 ROBUSTNESS TEST
As indicated earlier, the biggest drawback of the efficiency analysis with DEA is its vulnerability
towards outliers.
Although I already excluded obvious transferring mistakes and unreliable observations in the
manual reduction of the dataset, I decided to test the robustness of my results with a further
outlier test.
Therefore, I took the TFP values of the Lowe analysis (with all observations) and extracted the
companies below the 0.015 quantiles and the companies above the 0.985 quantiles in each
observation year. Afterwards, I removed these “outliers” from the original dataset and started a
completely new analysis, including the comparison of socioeconomic parameter sets, the
comparison of store types as well as the subsequent and the prior aggregation of the
representatives.
The robustness test led to the exclusion of further 136 DMUs from the original dataset. Thus, only
1424 DMUs entered the robustness analysis.
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4 RESULTS
After I have described the methodology and already given some insights into the dataset, this
chapter will present the results of the analyses. In chapter 4.1, I will begin by describing the
general development of productivities/efficiencies in the French grocery retail industry between
2012 and 2018. Afterwards, chapter 4.2 will investigate the changes and levels of
productivities/efficiencies in areas with different socioeconomic characteristics after 2016.
Finally, chapter 4.3 displays the changes and levels in different store types after 201630.

4.1 GENERAL GROCERY RETAIL INDUSTRY
Remember, that the division by sales price indices normalized industry-wide shifts of the service
level. As I analyse only industry-wide (geometric) means in this chapter, it can be (to some extend)
supposed that the presented industry-wide changes in productivity are mainly based on changes
in the number of products that are handed over to customers and not necessarily on changes in
service levels.
The assumptions about the inputs “material costs”, “yearly fixed assets”, and “costs of
employees” remain unchanged.
To calculate the productivity of the grocery retail industry and to investigate reasons for changes
in that productivity, I used the two methods: Lowe index and Bennet-Lowe indicator.
Furthermore, I applied two tactics to solve the problem of the “distorted representation” of the
big brands and store types: “subsequent representatives” and “prior representatives”.

4.1.1 Multiplicatively complete Lowe analysis
As indicated earlier, for the MC Lowe analysis, it was possible to use both tactics to solve the
problem of the “distorted representation”. However, the two different tactics led to two very
different input data for the productivity/efficiency analysis. Thus, chapter 4.1.1.1 shows the
differences that resulted from the use of the two different input data/tactics. Afterwards, chapter
4.1.1.2 will describe the development of productivities and efficiencies in the French grocery retail
industry, which were obtained by the Lowe analysis.

4.1.1.1 Different input data: subsequent vs. prior representatives
On the one hand, all originally available observations were used (directly) to calculate Lowe
indices in the “subsequent representatives” tactic; on the other hand, the “prior representatives”
tactic only used the prior calculated representatives of big brands and store types to calculate
Lowe indices.

30

Note that although “store types” (necessarily) came first in data collection, for simplicity reasons “socioeconomic
characteristics” come first in the results chapter.
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Figure 5: Aggregate quantity plots of the original dataset and prior representatives (year: 2016)

Casino-Supermarket

Holfi

Figure 5 shows the aggregate quantity graphs of the MC Lowe index for both input data/tactics in
2016. While the solid black line represents the VRS frontier, which equals the unrestricted frontier
of Figure 4, the dashed line represents the CRS frontier that determines the maximum
productivity31 (MP).
Comparing the “original dataset” (“subsequent representatives” tactic) and the “prior
representatives”, it can be observed that the original dataset contains mainly small-scale
companies and only a few high-scale hypermarkets and supermarkets. Contrary, the dataset with
“prior representatives” exhibits an even distribution of low and high-scale companies.
Following, in the “original dataset”, the CRS frontier is tangent to a rather small company that
operates convenience stores. Namely, the company “Holfi”, that operates convenience stores
from System U with 5.6 million € “sales” per year predetermines the maximum productivity in
2016. Opposed, the representative “Casino Supermarket” with 9.3 billion € “sales” sets the CRS
benchmark in the analysis with “prior representatives”.

31

Remember that changes in MP are defined as changes in “technology”.

47

The convenience store “Holfi” had a much higher TFP (1.41) than the representative “CasinoSupermarket” (1.27) in 2016. This difference is reflected in the different slopes of the CRS
frontiers in Figure 5 and has severe implications for the analysis. Because the CRS frontier is the
benchmark for TFP efficiency calculation, the TFP efficiency levels obtained by the analysis of the
original dataset (“subsequent representatives” tactic) are much lower than the TFP efficiency
levels of the analysis of the “prior representatives” (see green line in Figure 6).
Unfortunately, this verifies the apprehension that the reduction of the DMUs in the dataset leads
to positively biased efficiency levels. As can be seen in Figure 6, that difference mainly bases on a
positively biased technical efficiency level (black line). While the ITE level in the analysis of the
original dataset with subsequently calculated representatives indicates that French grocery
retailers could in average reduce all their inputs proportionally by ca. 8 % (ITE≈0.92) to obtain the
same sales, the analysis of “prior representatives” indicates that French grocery retailers could
only proportionally reduce their inputs in average by ca. 2% (ITE≈0.98). However, it can be noted
that both technical efficiencies are quite high. It seems like fierce competition in the grocery retail
industry leaves no space for inefficiencies.
Nevertheless, it has to be mentioned that the different technical efficiency levels in the two tactics
do not prevent that changes in efficiencies over time can still be interpreted meaningfully.
Figure 6: Comparison of efficiency levels with subsequent or prior representatives: normal Lowe analysis

law

law

Although the analysis of the original dataset seems to have an advantage over the analysis of
“prior representatives”, it can be discussed if it is appropriate to base the technical change
(change in maximum productivity) of the whole grocery retail industry on one small convenience
store. The maximum productivity has a strong influence on calculated efficiencies, and that made
it even more important to control it by the robustness analysis.
As the robustness analysis removes the 1.5% best-performing companies from the original
dataset, the maximum productivity in 2016 decreased from 1.41 to 1.26 in the analysis of the
“new” original dataset (and subsequent calculation of representatives). Now, the company “SA
MOUFLON”, a supermarket of System U with 18.7 million € “sales”, sets the maximum
productivity in 2016. The new DEA plots are presented in appendix A.4 (see Figure 24).
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4.1.1.2 Development of productivities and efficiencies
Having explained the difference between the two different input data for “subsequent
representatives” analysis and “prior representatives” analysis, I do now focus on the development
of productivities and efficiencies over time (that were obtained by Lowe analyses with these input
data). By this, it shall be examined if the food waste abolition law from 2016 has any effects on
productivity/efficiency.
Therefore, Figure 7 shows the change in productivity of the grocery retail industry and how this
change is decomposed into technical change and technical efficiency change in the two different
tactics.
Figure 7: Productivity change and its decomposition into technical as well as TFP efficiency change: normal
Lowe analyses

law

law

As can be seen in the red lines in Figure 7, both tactics for the Lowe analysis result in almost the
same TFP changes. The tactics agree that the quantity based (without considering service levels)
productivity of the grocery retail industry decreased between 2012 and 2018. In both cases, a
similar annual TFP decrease of ca. 0.7 % (ACR=-0.7%) between 2012 and 2018 is visible (see Table
29).
It has to be noted that the annual decrease of TFP increased to ca. 1% (ACR=-1%) between 2016
and 2018. That could have indicated a negative impact of the food waste abolition law on grocery
retailers’ productivity, but as can be seen in the red lines of Figure 7, this stronger decrease in TFP
already started in 2013/2014. Following, the annual change rates of TFP between 2014 and 2018
were ca. -1% (ACR=-1%), too (see Table 29).
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Visually and mathematically, no distinctive deviation from the (decreasing) productivity trend can
be observed in 2016. Thus, one can conclude that the food waste abolition law from 2016 did not
affect the development of productivities.
The Lowe analysis with “prior representatives” indicates that the decreasing trend in productivity
is mostly explained by a decrease in available “technology” because the purple line follows the
red line in the right-hand side graph in Figure 7.
Opposed to the right-hand side graph in Figure 7, the purple line in the left graph strongly
increases after 2016. Thus the Lowe analysis of the original dataset (“subsequent representatives”
tactic) indicates a sudden increase in available “technology” after 2016. However, that result is
not reliable. Figure 8 displays the results of the robust Lowe analyses, in which both tactics reveal
that changes in “technology” mainly explain the decreasing trend of productivity.
Figure 8: Productivity change and its decomposition into technical as well as TFP efficiency change: robust
Lowe analyses

law

law

I already specified in the methodology chapter that changes in “technology” can also be broader
interpreted as changes in “environmental” factors over time, too.
It is unlikely that the decrease in TFP comes from decreases in technology in the original sense
because supermarket technologies like cash desks, storage, and logistics are likely to become
more advanced.
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However, the “environmental” factors can include various things. For example, the decreasing
trend in maximum productivity (technology) could be explained by generally risen expectations
of consumers towards service levels of grocery stores. That is because industry-wide rises in
service levels are not captured as output in this analysis, but can indeed cause a higher input use.
Besides higher standards in furniture, closeness to customers, and in-store advice, an example of
the risen expectations could also be an increased demand for a full assortment. Furthermore,
grocery retailers might be tempted to fulfil that demand of a full assortment, because they can
obtain tax deductions on donated food.
It would also explain the higher reduction of mean implicit sales quantities (number of handed
over products) compared to the mean implicit material costs quantities (number of procured
products) in Table 5.
Nevertheless, it has to be noted that the section above is an assumption. With DEA it is not
possible to investigate reasons for technical/environmental changes.
A similar discrepancy, which holds for technical/environmental change between the normal and
the robust Lowe analyses (with subsequently calculated representatives), can be observed in the
TFP efficiency changes (green line) between the normal and robust analysis.
While the normal Lowe analysis with subsequently calculated representatives obtained a strong
decrease in TFP efficiency after 2016 (ACR=-1.73%), the robust Lowe analysis with subsequently
calculated representatives obtained only a moderate annual change of -0.43% after 2016 and
thus a flattened green line (see left graphs in Figure 7 and Figure 8).
As can be seen in the green lines of the right-handed graph in Figure 7, the analysis of “prior
representatives” already obtained a flat TFPE change in the normal analysis. The normal Lowe
analysis of “prior representatives” exposes an annual TFPE change of 0.01% between 2012 and
2018 (robust: ARC=-0.07%).
Following, it can be constituted that changes in productivity of the grocery retail industry do not
considerably result from changes in TFP efficiency. Again, that supports the statement that
grocery retail is a highly competitive industry, so that there is almost no room for inefficiencies,
and changes in productivity of the industry can be mainly explained by available technology and
the prevailing environment.

51

Figure 9: TFP efficiency change and its decomposition into technical efficiency change, scale efficiency
change, and mix efficiency change (pure scale efficiency): normal Lowe analysis

law

law

Figure 10: TFP efficiency change and its decomposition into technical efficiency change, scale efficiency
change, and mix efficiency change (pure mix efficiency): normal Lowe analysis

law

law
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Although the changes in TFP efficiency are minor, Figure 9 and Figure 10 show how these minor
changes are decomposed into technical efficiency change, scale efficiency change, and mix
efficiency change. While Figure 9 shows the decomposition of TFPE focused on pure scale
efficiency, Figure 10 focuses on pure mix efficiency32.
Both tactics for the Lowe analysis agree that there is almost no technical efficiency change. This
can be seen in the flat black lines. In the introduction, I assumed that the food waste abolition
law could induce a first review of waste management in many stores, which helps the laggards to
become more productive. The missing change in ITE does not verify that assumption.
Earlier, I argued that scale efficiency in the analysis of the original dataset with subsequently
calculated representatives could be interpreted as an optimal selection of corporate structure.
The falling blue line in the left graph of Figure 9 indicates a more suboptimal selection of corporate
structure over time. Although the residual scale efficiency value (dark blue line) in the left graph
of Figure 10 verifies a falling trend, the robustness analysis (Figure 26) does not agree.
Furthermore, I reasoned that the scale efficiency in the analysis of “prior representatives”
indicates the optimal selection of operation scale for the big brands and their respective store
types in the original sense. Although there are variations of up to 1%, no trend is visible in changes
of that scale efficiency.
In both tactics, mix efficiency indicates the optimal selection of input shares. Again there are
variations up to 2%, but no clear trend is visible.
In appendix A.3.2, one can find the individual productivities of the representatives (big brands
and respective store types) that were used to calculate the changes in productivity and efficiency
of the French grocery retail industry. All big brands follow a similar decreasing trend. While Casino
is highly productive in all store types, Carrefour is in general less productive. However, when
comparing different representatives within a time period, it has to be considered that this
(multilateral) comparison also includes different service levels and is not solely quantity based.

4.1.2 Additively complete Bennet-Lowe analysis
To validate the results of the MC Lowe index, I conducted a similar analysis using the AC BennetLowe indicator. First, I will explain the implications that result from the input data used.
Afterwards, chapter 4.1.2.2 will present the changes in productivity/efficiency of the French
grocery retail industry that were obtained by the Bennet-Lowe analysis.

32

Remember from Figure 4: the two different decomposition orders can reveal different results and therefore both
orders have to be respected at the same time when analysing the results.
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4.1.2.1 Input data: prior representatives
The missing homogeneity of degree zero prevented a meaningful subsequent aggregation of the
Bennet-Lowe analysis results (using the original dataset). Thus, only the “prior representatives”
tactic could be used, which means that 22 DMUs represented the French grocery retail industry.
While the reduction of DMUs led to positively biased TFPE and ITE levels in the Lowe analysis,
similar implications hold true for the Bennet-Lowe analysis. Nevertheless, in the Bennet-Lowe
analysis, the reduction of the DMUs in the dataset leads to lower (negatively biased) total factor
productivity inefficiency (TPFI) and technical inefficiency (TI).
That is why I decided to focus only on the changes in productivity/efficiency over time.

4.1.2.2 Development of productivities and efficiencies
As can be seen in the red line of Figure 11, the Bennet-Lowe analysis verifies a decrease in
productivity over time. Nonetheless, the annual productivity decrease between 2012 and 2018
amounted only 0.42% (ACR=-0.42%) (see Table 29).
Like in the Lowe analysis, it is not possible to spot a distinctive deviation from the trend in 2016
(introduction of abolition law), but visually the decreasing productivity trend started in 2014.
While the annual TFP change between 2012 and 2014 was only -0.15%, the annual TFP change
between 2014 and 2018 was -0.55%.
Furthermore, it has to be mentioned that the robust Bennet-Lowe analysis revealed almost
exactly the same annual TFP changes rates as the normal Bennet-Lowe analysis (see Table 37).
Following, it can be concluded that the Bennet-Lowe analysis verifies the statement that the food
waste abolition law from 2016 did not affect the development of productivities.
Figure 11: Productivity change and its decomposition into technical as well as TFP efficiency change: normal
Bennet-Lowe analysis

law
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The purple line in Figure 11 does not precisely match the red line like it did in the (robust) Lowe
analyses. Nevertheless, the annual decrease in “technology” between 2014 and 2018 was 0.63%
(ARC=-0.63%), and thus the decreasing trend in TFP can be mainly explained by
technical/environmental change in the Bennet-Lowe analysis, too.
With an annual change rate of 0.11% between 2012 and 2018, the annual TFP efficiency change
(green line) was minor (robust: ACR=0.11%).
Although changes in TFP efficiency were minor, Figure 12 displays the two possible
decompositions of TFP efficiency changes into technical efficiency change, scale efficiency
change, and mix efficiency change.
Both possible decompositions agree that changes in efficiency are not explained by changes in
technical efficiency (black line). This verifies the statement that the grocery retail industry is quite
competitive such that technical inefficiencies have no room to change. It can be assumed that
competition required to monitor waste streams already before the food waste abolition law was
introduced.
While the left graphic in Figure 12 focuses on primal scale efficiency, the right graphic
concentrates on (pure) mix efficiency with regard to VRS frontier.
It is visible in the flat (pale) blue line of the left graph that changes in TFP efficiency cannot be
explained by primal scale efficiency changes. All (minor) TFP efficiency changes result from mix
efficiency changes with regard to the CRS frontier. Besides the optimal selection of the ratio of
“yealy fixed assets” and “material costs”33, the mix efficiency changes with regard to the CRS
frontier contain residual effects that result from price information, too.
Nevertheless, it has to be noted that in both decompositions no clear trend is visible.

33

Remember: costs of employees were fixed

55

Figure 12: TFP efficiency change and its decomposition into technical efficiency change, scale efficiency
change and mix efficiency change: normal Bennet-Lowe analysis
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4.2 SOCIOECONOMIC CHARACTERISTICS
Having investigated the productivity/efficiency changes in the general French grocery retail
industry, I will now examine if the productivity/efficiency changes (and levels) differ between
areas with different socioeconomic characteristics.
Remember that no “representatives” were used for this comparison, but the observations in the
original dataset were the basis for the calculation of productivities and efficiencies. To elaborate
if the food waste abolition law had similar effects in different socioeconomic parameter sets, only
the results of the years 2017 and 2018, which are the two available years after law
implementation, were taken into consideration. Moreover, as indicated earlier, companies with
a highly centralized corporate structure were not respected in the comparison of socioeconomic
characteristics.
Finally, note that the comparison of different socioeconomic parameter sets within a time
includes different service levels.

4.2.1 Multiplicatively complete Lowe analysis
As before, I will start with presenting the results of the Lowe analysis.

4.2.1.1 Population density
Concerning population density, I stated that companies in areas of high population density could
be affected less severely by the new law.
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Table 9: Geometric means, medians and statistical tests of productivity/efficiency levels and changes in low
and high socioeconomic parameter sets of population density (years: 2017 & 2018): normal Lowe
analysis

Significance levels: * ≤ 0.05; ** ≤ 0.01; *** ≤ 0.001

Table 9 shows that the TFP of companies in densely populated areas (more than 400 people/km²
= high set) has decreased in the mean by 0.9% (dTFP=0.991) in the two years after the law was
introduced, compared to the base year 2016. In line with the hypothesis, TFP decreased by 1.1%
(dTFP=0.989) in sparsely populated areas (less than 100 people/km² = low set). Nevertheless, the
Welch test could not verify that difference to be statistically relevant (p-value: 0.139).
In line with the difference in geometric means, the median dTPF of the low set states a TFP
decrease of 1% (dTFP=0.990), and the median of the high set only a decrease of 0.8%
(dTFP=0.992). Contrary to the Welch test, the Mann Whitney U test states a slightly significant
difference in medians (and distribution) on a 5% significance level. Nevertheless, the robustness
test could not verify that significant difference (see Table 38).
Following, we cannot verify the assumption that companies in high population areas are hit less
severely by the new law. Even if the difference would have been significant, it was only 0.2 PP.
Whenever a difference was significant, I marked the higher mean/median with a blue background
to be able to recognize structures.
As the maximum productivity is the same for all DMUs within a year, the difference in dTFP
between low and high socioeconomic parameter set is fully transferred to the differences dTFPE.
Therefore, the difference in average dTFPE is 0.2 PP, too. Because (in the normal analysis) the
maximum productivity has risen in average of the years 2017 and 2018 by 2.1% (dMP=1.021), the
resulting average TPFE decreased (more severe) by 3% (dTFPE=0.970) up to 3.2% (dTFPE=0.968).
Nevertheless, as already seen in Figure 8, the robustness analysis revealed a lower maximum
productivity in the two years after the implementation of the law (dMP=0.994). That resulted a
less severe decrease of TFPE by 0.3% (dTFPE=0.997) up to 0.5% (dTFPE=0.995) in the robust
analysis (see Table 38 in the appendix).
The difference in TFP efficiency change (dTFPE) itself is explained by differences in changes of
technical (dITE), scale (dISE & dRISE) and mix (dIME & dRME) efficiency34. Opposed to the small
reduction of TFPE, both (low & high) socioeconomic parameter sets of population density slightly
34

Observe: 0.2 ≈ −0.5 − 0.9 + 1.6 ≈ −0.5 + 1.2 − 0.5 ≈ −0.5 + 0.7 ; that it is exactly equal is by accident, but
the differences always offset each other to some extend
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increased their technical efficiency after the implementation of the law (dITE: 1.005 up to 1.010).
Moreover, opposed to the difference in dTFPE, companies in sparsely populated areas increased
their technical efficiency on average by 1% while companies in densely populated areas increased
their technical efficiency only by 0.5% (difference: -0.5 PP).
Following, scale and mix efficiency have to explain the small reduction of TFPE and the slightly
higher dTFPE in densely populated areas.
Unfortunately, differences in real values and residual values of mix (-0.9 PP & 1.2 PP) and scale
(-0.5 PP & 1.6 PP) efficiency changes contradict each other. Thus, I can only state, that the slightly
lower decrease of TFPE in densely populated areas is explained by a 0.7 PP lower decrease in scale
mix efficiency (ISME)35 compared to sparsely populated areas. The robustness test verifies a
difference in dISME, but at a lower level of 0.3 up to 0.4 PP difference (see Table 38).
It can be concluded that companies in sparsely populated areas maybe did a little bit more to
reduce their production errors (e.g. food waste management) after the implementation of the
law. However, more unfavourable developments in the operation scale and selected input mix
led to the small and insignificant difference in TFP efficiencies between both socioeconomic
parameter sets. However, the difference in changes between both socioeconomic parameter sets
is minimal.
So far, I only focused on the changes in productivity/efficiency after the implementation of the
law. In the following, I focused on productivity/efficiency levels. Both significance tests declare a
significantly higher average/median TFP and TFP efficiency in densely populated areas (for the
years 2017 and 2018).
In the (normal) analysis, the significance tests fail to find a significant difference in
averages/medians of technical efficiency (ITE). Opposed, the robustness analysis states a
significant higher ITE in densely populated regions.
However, in the normal as well as robustness analysis, the directions (marked blue) of
mean/median real (ISE) and residual (RISE) scale efficiency levels contradict each other. Contrary,
the real (IME) as well as residual (RME) average/median mix efficiency levels are both higher in
densely populated regions.
Table 10: Median input mix in sparsely and densely populated regions (in the years 2017 & 2018)

Sparsely
populated areas
Densely
populated areas

Yearly fixed
assets

Material
costs

Costs of
employees

Sum of inputs

128.854

12701.274

1260.034

14090.162

Median input mix

0.91%

90.14%

8.94%

100.00%

Median of 2017 and
2018 (th €)

78.155

4568.147

680.493

5326.795

Median input mix

1.47%

85.76%

12.77%

100.00%

0.55%

-4.38%

3.83%

Median of 2017 and
2018 (th €)

Difference in PP

35

=

∗

=

∗
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Thus, a more in-depth investigation of the average input mix was necessary. That investigation is
summarized in Table 10. It has to be mentioned that Table 10 displays the median inputs because
the average would have been too sensitive towards outliers. Companies in densely populated
areas seem to use (in median) a higher share of “yearly fixed assets” (difference: 0.55 PP), which
might also be a result of higher real estate prices in these regions.
However, the most significant difference in the input mix is the ratio of “material costs” and “costs
of employees”. In median, companies in densely populated areas reduced the share of “material
costs” by 4.38 PP and increased the share of “costs of employees” by 3.83 PP compared to
companies in sparsely populated areas. In practice, that means that these companies have a
higher service level with more personal advice in their stores and use less quantity of food and
non-food products to generate the same sales revenue.
Summarizing, one can say that companies in densely populated regions are more productive and
efficient. However, the companies in densely populated regions achieve this higher productivity
mainly by increasing the service level as well as the profit margin on products. Higher productivity
is not necessary a result of more efficient handing over of products.

4.2.1.2 Population variation
Besides the population density, I investigated the effects of population variation in the area of
grocery retailers. I assumed that grocery retailers in areas with a declining or stagnating trend of
inhabitants face a higher decrease in productivity after the implementation of the law.
Contrary, Table 11 shows that the geometric mean of dTFP in areas of decreasing/stagnating
population (less than 0.1% average increase = low set) is 0.990 while the geometric mean of dTFP
in areas of increasing population (more than 0.4% average increase = high set) is only 0.989. That
indicates a 0.1 PP lower decrease of TFP for companies in areas of decreasing/stagnating
population. Though, that difference is minimal and not significant.
The medians of dTFP indicate a 0.1 higher decrease of TFP for companies in areas of
decreasing/stagnating population, but that is not significant, too.
Thus, the initial assumption concerning decreasing/stagnating population variation cannot be
verified.
While the Welch test states a significantly higher average technical efficiency increase (dITE) in
areas of decreasing/stagnating population, the Mann Whitney U test cannot find a significant
difference in medians (and distribution). Moreover, there are no significant differences between
the pure scale efficiency changes and between the pure mix efficiency changes.
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Table 11: Geometric means, medians and statistical tests of productivity/efficiency levels and changes in
low and high socioeconomic parameter sets of population variation (years: 2017 & 2018): normal
Lowe analysis

Significance levels: * ≤ 0.05; ** ≤ 0.01; *** ≤ 0.001

Besides the indifference in TFP changes after the implementation of the law, the levels of TFP
significantly differ between both (low & high) socioeconomic parameter sets of population
variation. In the normal (see Table 11) as well as robustness analysis (see Table 39 in appendix),
the mean TFP in increasing populations is significantly higher (TFP=1.110) than in
decreasing/stagnating populations (TFP=1.089).
In the normal analysis, the pure mix efficiency level (IME) is significantly higher in densely
populated regions on a 1% significance level. It might be only 1% significance level because the
service level in increasing populations is not severely higher. “Material costs” are only increased
by 0.82 PP and “costs of employees” only by 0.79 PP compared to areas with population
reduction/stagnation (see Table 30 in appendix). Unsurprisingly, the robustness analysis (Table
39 in appendix) cannot find any significant difference in mix efficiency levels.
Both, the normal as well as robustness analysis, result that the higher TFP in densely populated
regions can be explained by a significantly higher average ITE.
As explained in the methodology part, a higher average ITE means that a higher proportion of
companies can catch up with maximum productivity that is possible within their current operation
scale and production mix. It seems logical that companies in areas of rising population have fewer
problems to keep up with the optimal (mix and scale restricted) production frontier because the
demand for grocery products is increasing over time.

4.2.1.3 Income level
Another socioeconomic parameter that was tested for its influence is the income level. I stated
the hypotheses that companies in high-income areas face customers with lower price elasticity
and thus increase their service level more than companies in low-income areas. Secondly, I
expected that this would lead to a higher difference between TFPs after the implementation of
the law.
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Table 12: Geometric means, medians and statistical tests of productivity/efficiency levels and changes in
low and high socioeconomic parameter sets of income level (years: 2017 & 2018): normal Lowe
analysis

Significance levels: * ≤ 0.05; ** ≤ 0.01; *** ≤ 0.001

The difference between the TFP of companies in low-income areas (less than 1,900 € net
household income = low set) and the TFP of companies in high-income areas (more than 2,200 €
net household income = high set) increases if TFP (level) and dTFP (change) are significantly higher
for one socioeconomic parameter set. Although a significant difference in TFP is obtained, there
is no significant difference in dTFP between companies in low- or high-income areas. Thus, the
second part of the hypothesis cannot be verified.
Unfortunately, the dataset contains no appropriate variable that only contains the service level
as output. Consequently, a workaround had to be used to investigate the first part of my
hypotheses.
A higher service level can be produced by a higher share of the service-related inputs “yearly fixed
assets” and “cots of employees”. Thus a change in service level would also mean a change in the
input mix. Nevertheless, in this analysis, no significantly different pure mix efficiency changes
(dIME) between low- and high-income areas could be observed. Only the difference in
mean/median residual mix efficiency change (dRME) is significant, but that difference is only 0.2
PP. Therefore, we cannot verify the first part of my hypotheses, too.
Welch test, as well as Mann Whitney U test, reveal a slightly significant (5% level) difference of
dITE in favour of the low-income areas, which indicates that companies in low-income areas could
have done a little bit more to reduce production errors and to keep up with the (scale and mix
restricted) maximum productivity. However, the robustness analysis (Table 40 in the appendix)
cannot verify that finding.
Although both differences in scale efficiency changes are significant, again mean pure and
residual efficiency change differences (-0.6 PP & 0.4 PP) contradict each other and therefore
prevent a reasonable interpretation.
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Focusing on the productivity/efficiency levels again, one can observe that the means/medians of
all levels except MP and scale efficiencies are significantly higher for high-income areas36.
This includes IME, which indicates a different use of input shares. Indeed Table 31 shows that the
median input shares of both (service-related) inputs, “yearly fixed assets” (1.05%) and “costs of
employees” (10.68%) are higher in high-income areas compared to the input shares in low-income
areas (0.79% & 9.44% respectively).

4.2.1.4 Poverty rate
The last hypothesis concerning socioeconomic parameters was that companies in regions with a
high poverty rate loose more customers to food banks and consequently face a higher decrease
in TFP.
Table 13: Geometric means, medians and statistical tests of productivity/efficiency levels and changes in
low and high socioeconomic parameter sets of poverty rate (years: 2017 & 2018): normal Lowe
analysis

Significance levels: * ≤ 0.05; ** ≤ 0.01; *** ≤ 0.001

Table 13 reveals that there are no significant differences in TFP, MP, TFPE, ITE, and ISME changes.
Moreover, differences in pure and residual scale and mix efficiency changes contradict each
other. The same holds for the results of the robustness analysis (Table 41 in the appendix).
Following, the drafted hypotheses cannot be verified.
Nevertheless, the poverty rate of an area still has an impact on the level of productivity/efficiency
of the grocery retailers. Companies in low poverty rate areas (less than 12.5% of people = low set)
are significantly more productive (TFP) and efficient (TFPE) than companies in high poverty rate
areas (more than 15.5% of people = high set). Although the normal analysis does not obtain a
significant difference in average ITE, the robustness analysis (Table 41 in the appendix) reveals a
significant lower ITE level in low poverty rate regions. Moreover, pure and residual mix efficiency
levels are significantly higher in areas with lower poverty because of increased “yearly fixed
assets” and “costs of employees” shares (see Table 32 in the appendix).

36

Verified by robustness analysis: Table 40.
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Summarizing, it can be stated that socioeconomic parameters always result in different levels of
productivity/efficiency. Mostly these differences result from differences in mix efficiency, which
indicates a higher service level and profit margin.
Contrary, socioeconomic parameters do not result in different productivity/efficiency changes
following the food waste abolition law.
Thus, it can be estimated that if the food waste abolition law had an impact on the productivity
of the grocery retail industry, it would have been similar in all regions of the EU irrespective of
the prevalent socioeconomic characteristics.

4.2.2 Additively complete Bennet-Lowe analysis
I intended to validate the findings of the Lowe analysis with results from the Bennet-Lowe
analysis. However, as indicated in chapter 3.3.1.2, I first had to take a quick glance at the
appropriateness of estimating the differences in socioeconomic parameter sets by the results of
the AC Bennet-Lowe analysis. Table 33 in the appendix shows the means, medians, and statistical
test results of the variables in different (low & high) socioeconomic parameter sets for the AC
Bennet-Lowe analysis. Unfortunately, the results seem entirely arbitrary. E.g., for the most critical
variables, TFP and TFPC, the means and medians contradict each other (marked red). Moreover,
the Mann Whitney U test indicates a significant difference in medians (and distribution) of
,
and thus available technology in low and high socioeconomic parameter sets of
population density and population variation. By definition, the available technology should be the
same for all DMUs in one year37.
It seems like the missing homogeneity of degree zero leads to distorted results, and that is why I
decided to omit the Bennet-Lowe analysis for comparing different socioeconomic parameter sets.

4.3 STORE TYPES
Besides different socioeconomic characteristics, different regions of the EU can have different
shares of store types. Therefore, this chapter displays the results of the comparison of the
different store types. To have enough observations of each store type, I decided to include
companies with a highly centralized corporate structure in this comparison. Nevertheless, note
that only the results of 2017 and 2018 were respected and that the comparison of different store
types within a time includes different service levels.

4.3.1 Multiplicatively complete Lowe analysis
Table 14 displays the results of the comparison of different store types by using the MC Lowe
analysis results. The basis for all comparisons was the store type “supermarkets” because this is
the most frequent store type. Moreover, the category “supermarkets” was often assigned to
companies that operate other store types, too, but have had the highest turnover in
supermarkets.
37

Holds also true for the average of two years
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A significantly lower mean/median of a comparison store type compared to the basis store type
“supermarkets” was marked red, and a significantly higher mean/median was marked blue.
Hypermarkets seem to be quite close to supermarkets because that comparison reveals the least
number of significant differences in productivity/efficiency changes. First and foremost, the
difference in means of the most crucial variable, dTFP, is only 0.2 PP and not estimated as
significant by the Welch test. Although the Welch test in the robustness analysis (Table 42 in the
appendix) estimates the difference in dTFP as significant at a 1% significance level, the difference
is only 0.2 PP, too.
Moreover, (in the normal analysis) differences in technical efficiency changes (dITE) are not
significant for the Mann Whitney U test, differences in mean pure and residual scale
(-0.7 PP & 0.1 PP) and mix (0.0 PP & 0.8 PP) efficiency changes contradict each other and
differences in dISME are not significant in both tests.
Table 14: Geometric means, medians and statistical tests of productivity/efficiency levels and changes for
supermarkets compared to other store types (years: 2017 & 2018)

Significance levels: * ≤ 0.05; ** ≤ 0.01; *** ≤ 0.001

Concerning the efficiency levels, one can observe that the pure, as well as residual scale efficiency
levels, are significantly lower for hypermarkets. In my dataset, a median company that operates
a hypermarket uses 2.8 times more inputs than the median company that operates supermarkets
(see Table 34 in the appendix). Thus, the lower mean/median sale efficiency level might indicate
that hypermarkets are already operating at decreasing returns to scale.
Opposed to the scale efficiency levels, the technical efficiency levels are significantly higher for
hypermarkets, but that could also be caused by a lower number of high-scale observations in the
dataset38.
38

If there is a lower number of high-scale observations, these observations set their own VRS frontier and are always
technically efficient.
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I set up the hypothesis that convenience stores are hit more severely by the food waste abolition
law because they sell a higher share of food products.
I do have to falsify that hypotheses. While supermarkets decreased their TFP in mean by 1.1%
(dTFP=0.989) (in median by 1.0%), convenience stores face a significantly lower decrease in TFP
of 0.8% (dTFP=0.992) (in median 0.7%). Possibly that difference of 0.3 PP can be explained by the
fact that most convenience stores have sales areas below 400 m² and thus do not have to donate
excess food. In fact, the boxplots in Figure 13 show that the store type “convenience stores” is the
only type that has a visually higher dTFP.
However, the robustness analysis (Table 42 in the appendix) revealed only a difference in dTFP of
0.2 PP. Moreover, the difference (in the robust analysis) is not estimated as significant by the
Welch test. Thus, it cannot be undoubtedly stated that convenience stores have an economic
advantage because of the exemption from obligated food donation, too.
The normal, as well as the robustness analysis, revealed that convenience stores did less to reduce
production errors and to catch up with their (mix and scale restricted) maximum possible
productivity after the implementation of the law. That can be seen in the significantly lower dITE
compared to supermarkets (in means: -0.8 PP).
Moreover (in the normal analysis), differences in pure and residual scale and mix efficiency
changes contradict each other and prevent a reliable statement. Nevertheless, the lower
decrease of overall productivity/efficiency can be explained by a significantly lower decrease in
scale mix efficiency together (dISME). The robustness analysis also confirms that.
Figure 13: Boxplots of the TFP changes per store type after the implementation of the law (additively
complete analysis)

As can be seen in Table 14 (and in Table 42 in the appendix), the convenience stores’ levels of TFP
and TFPE (in years 2017 and 2018) are significantly higher than supermarkets’ levels of TFP and
TFPE.
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While the level of technical efficiency (ITE) of convenience stores is significantly lower in the
normal analysis, the ITE level in the robustness analysis reveals a significantly higher technical
efficiency level of convenience stores compared to supermarkets.
Moreover, in the normal analysis, pure and residual values of scale efficiency contradict each
other. Nevertheless, in the normal as well as robustness analysis, convenience stores exhibit
significantly higher levels in pure and residual mix efficiency. Unsurprisingly, this more optimal
input mix is obtained by a reduction of materials costs’ share to (in median) 85.33% (compared
to 89.87% in case of supermarkets) and accompanying increase of input shares that produce a
higher service level (see Table 34 in the appendix).
Opposed to convenience stores, discount stores decreased their productivity/efficiency after
2016 significantly more severe than supermarkets (in means: -0.5 PP). The high decrease in TFP
by (in mean) 1.6% (dTFP=0.984) is mostly explained by a high decrease in technical efficiency of
(in mean) 1% (dITE=0.990)39.
Furthermore, the TFP and TFP efficiency levels of discount stores are significantly lower than the
levels of supermarkets. A highly unfavourable input mix results in the lower TFP and TFP efficiency
levels. Material costs of discounters account (in median) for 91.71 % of all inputs. Only the
remaining 8.29% are used to “produce” a service level.
Table 35 in the appendix shows the statistics for further store types, which all obtained no
significant difference in dTFP to supermarkets.
Similar to the analysis of different socioeconomic parameter sets, it can be concluded that the
productivity/efficiency levels can differ between store types. Nevertheless, that is most often the
result of differences in mix efficiency levels and, thus, different service levels.
Contrary to the levels, the productivity/efficiency changes of the two most prominent store types,
“supermarkets” and “hypermarkets”, do not differ significantly. Although dTFP is significantly
different for “convenience stores” and “discount stores”, this difference ranges only form -0.5 PP
to 0.3 PP (in mean), and thus, it can be concluded that a similar law will not have severely different
effects in regions with different shares of store types.

4.3.2 Additively complete Bennet-Lowe analysis
As I indicated in the introduction of this chapter, companies with a highly centralized corporate
structure were included in the comparison of different store types.
Following, the comparison of different store types comprised a more extensive range of operation
scales than in the comparison of socioeconomic parameter sets. This made the comparison with
additively complete Bennet-Lowe results even more unreliable (see Table 36 in appendix), and
that is why the Bennet-Lowe analysis could not be used to verify the results from the Lowe
analysis.

39

Also confirmed in robustness analysis.
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5 DISCUSSION
5.1 SUMMARY OF RESULTS
The results of DEA revealed that the productivity of the grocery retail industry decreased after
the implementation of the food waste abolition law, but that trend already started in 2014.
Moreover, changes in productivity are first and foremost explained by changes in
technology/environment.
Already Table 5 in the data chapter showed that the discrepancy between procured products and
sales started in 2014. As the food waste abolition law was introduced in 2016, it cannot explain
the trend starting in 2014.
In the introduction, I figured out two possible reasons that could have had explained a more
substantial decrease in productivity after the implementation of obligated contracts with
charitable organisations:
1. Many food donations lead to lower overall demand while the fixed costs stay the same
Literature verified that food donations have risen after 2016, and the dataset revealed a 3.5%
lower average demand for grocery (mean real sales), but mean “yearly fixed assets” decreased
on average by 3.4%, too.
2. Additional labour force needed to separate food that can be donated from inedible food
With the available dataset, I could not verify the need for additional labour force to separate food.
Compared to 2016, the average number of employees in grocery retail instead even decreased
by 0.7% in 2018.
As the productivity is only following a trend and the reasons that could have had explained a
higher decrease in productivity after the introduction of the law could not be verified, the
available dataset indicates that the French food waste abolition law had no effect on the
productivities.

Moreover, the comparison of different store types and areas with different socioeconomic
characteristics did obtain no (or minor) differences in productivity changes after the
implementation of the law. Thus, the analysis of my dataset indicates that a similar law would
have no (or minor) effects on productivities in other European countries, too.
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5.2 LIMITATIONS
However, as already indicated in the thesis report above, I had to face several limitations in the
analysis of French grocery retailers.

5.2.1 French literature and interviews
It would have been nice to prove the positive effect of the food waste abolition law and to gain
insights into its exact realisation with further literature and by interviewing experts. Unluckily,
most company websites of grocery retailers and charitable organisations were only available in
French, which made it difficult to scan them for valuable insights. Moreover, I asked 17 different
organisations for an interview, but none did answer. Maybe that could have been a result of
troubles with the Coronavirus.

5.2.2 Dataset
Although the Orbis dataset is very powerful, I observed several transferring mistakes made by the
Bureau van Dijk (2020). Thus it was necessary to exclude many observations from the analysis by
setting plausible thresholds. Unfortunately, it has to be assumed that the Bureau van Dijk made
several minor transferring errors that could not be identified by the defined thresholds, too. That
might have biased the results.
The reduction of the dataset itself resulted that only 35.8% of the revenue from the entire grocery
retail industry was represented in the dataset. Moreover, the number of observations and the
amount of revenue from the different big brands did not display their real importance for the
French grocery retail industry. Although tactics (subsequent and prior representatives) were
developed to aggregate the observations according to their importance, these tactics were based
only on total revenues and selling areas in 2018. However, the relative importance of the big
grocery retailing brands can change over time. For example, Aldi took over 567 discount stores
from Casino (Leader Price) in 2020 (CIO, 2020).
Additionally, it has to be noted that the dataset did not contain any observations from Lidl, which
is the biggest discount store brand in France. Thus the comparison of the store types
“supermarkets” and “discount stores” lacks some of its informative value.

5.2.3 Implicit quantities
The most significant limitation of this study was the missing data of company-individual material
procurement and selling prices to calculate appropriate implicit quantities. Although the different
shares of food and non-food products were considered for different store types, the different
brands have different sales price levels (Berardi & Sevestre, 2018). For the same amount of
money, customers get fewer products in Carrefour supermarkets than in Intermarche
supermarkets (FranceHotelGuide, 2020). I defined that an additional “service level” can explain
that difference, but I was not able to come up with an output variable that can measure that
“service level”.
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Following, differences in productivities within the different big brands, store types, and areas with
different socioeconomic circumstances are most likely a result from different service levels and
not necessary from store management in quantity terms.
Similar which is valid for the product output does (to some extend) apply for the product input.
For the same amount of products, Aldi does pay its producers less than Carrefour does.

5.2.4 Yearly fixed assets
The variable “yearly fixed assets” modelled the real estate, equipment, and furniture of grocery
retailers. Although I undertook several steps to eliminate biases that result from different
depreciation methods40 and to find an appropriate input variable for these assets, the obtained
variable “yearly fixed assets” still seems to be a little bit prone to the different depreciation
methods. Following, the assets could not be selected as fixed factor in the Bennet-Lowe analysis,
but it was required to select the costs of employees as fixed factor.
The proneness towards depreciation methods does not only affect the Bennet-Lowe analysis but
undoubtedly influenced the mix efficiencies of the Lowe analysis, too.
Resulting from the limitations in the dataset, in the calculation of implicit quantities, and in the
variable “yearly fixed assets”, I decided to amend the statement that the food waste abolition law
had no effect on the productivity of the grocery retail industry. Nevertheless, considering the
limitations, it can still be stated that the food waste abolition law had no severe effect on the
productivity trend of the grocery retail industry.

5.3 LESSONS LEARNED FROM THE APPLICATION OF LOWE ANALYSIS AND
BENNET-LOWE ANALYSIS
Despite the extensive limitations in my thesis, while applying the productivity analyses, I took
notice of several things:
In the comparison of socioeconomic characteristics and store types, differences in pure and
residual values often contradicted each other. That finding stresses the importance of having a
look at both decompositions within Lowe analysis and Bennet-Lowe analysis. The residual mix
and residual scale efficiency changes might be influenced by entirely other things than the
selection of input mix or operation scale in the original sense41.

40

Depreciation methods: linear and degessive
In case of Bennet-Lowe analysis: mix efficiency change with regard to CRS frontier & dual scale efficiency change
might be influenced by completely other things.
41
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Although the MC Lowe analysis as well as the AC Bennet-Lowe analysis fall under DEA and are
used to measure productivity and (in)efficiency levels and changes, both analyses differ very
much. The most significant difference is the measurement of the productivity level itself.
In the MC Lowe analysis, productivity is measured by the ratio of aggregated output and
aggregated input. Thus, the productivity levels are independent of the operation scale
(homogeneous of degree zero) and enable a reasonable (multilateral) comparison of productivity
between small-scale and high-scale observations.
On the contrary, the AC Bennet-Lowe analysis measures productivity by subtracting the
aggregated input from the aggregated output. The productivity that is calculated like this is rather
a measure of profit than a measure of productivity in the original sense. Moreover, this
“productivity” is highly dependent on the operation scale (homogeneous of degree one), which
prevents a reasonable (multilateral) comparison of productivity between small-scale and highscale observations. For example, the graphs in the appendix A.3.2 show that the Bennet-Lowe
analysis generally underestimates productivity levels and productivity changes in small-scale
convenience stores. Similar implications that hold true for changes in productivity do also apply
to changes in efficiencies. Efficiency changes are underestimated for small-scale operations and
overestimated for high-scale operations. Thus, a reasonable (multilateral) comparison of
efficiencies is not possible (for the AC Bennet-Lowe analysis), too.
So far, I presented homogeneity of degree one only as something undesirable. However, it has
one advantage, too. When using (normal) means to summarize all observations, the importance
of an observation in the industry is automatically represented in the case of the AC Bennet-Lowe
analysis.

5.3.1 Multiplicatively complete Lowe analysis
Having portrayed my general findings, this chapter does describe my findings while applying the
MC Lowe analysis.
Applying the MC Lowe analysis on my dataset with an uneven distribution of low scale and highscale observations, I observed one disadvantage of the homogeneity of degree zero. When taking
(normal) means to summarize all results of the Lowe analysis, each observation is assigned the
same importance, irrespective of its real importance for the industry.
Figure 14 displays a simple example of such an “uneven distribution”. Assume that there are three
highly productive small-scale companies (S1 – S3) and only one (less productive) high-scale
company (H). The industry (I) contains the aggregate outputs and inputs of all four observations.
Moreover, remember that the slopes in the aggregate quantity graph resemble the productivities
(TFP).
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Observe that, in this example, the productivity, which is obtained by a (normal) geometric mean
(left green line), is much higher than the productivity of the industry (yellow line). Although less
important for the total production, the higher number of small-scale companies have the
strongest influence on the (normal) geometric mean.
Figure 14: Example of uneven distribution

To overcome that problem, one could maybe assign weights to the observations when
summarizing them. Possible weights could be based on the aggregated outputs of the
observations42. As can be seen in Table 15, the TFP that is obtained by a weighted geometric mean
(1.36) is very close to the TFP of the industry (1.22). However, weighted geometric means seem
to be unsuitable for the TFP efficiency summary because the weighted geometric mean of TFPEs
is only 0.17 compared to 0.58 in the industry.
In my simple example, the weighted arithmetic means seems to be the most suitable to
summarize the MC Lowe analysis results. Nevertheless, note that the summary with weighted
arithmetic means will cause that summarized analysis results are not “complete” (TFP ≠ MP *
TFPE) anymore. Furthermore, the appropriateness has to be tested with more examples and for
all efficiencies (technical, scale & mix efficiency).
42

That was not possible for the calculation of subsequent and prior representatives in my Master Thesis, because
the aggregated output of the big brands in the dataset did not resemble the revenue in the real industry (distorted
representations of revenues: Table 6).
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Table 15: Example of uneven distribution and different summary approaches

*weight calculation: e.g. 0.79=22.00/28.00

As indicated in the main part, I used the ‘productivity’ package of Desjeux, Dakpo, & Latruffe
(2018) for the MC Lowe analysis. Moreover, I explained that this package rescales all inputs and
outputs by dividing them by their own mean in the default setting. Probably, that is done to
decrease the optimisation time43.
Nevertheless, in the case of the MC Lowe analysis, it is methodically wrong to make that rescaling.
The Lowe analysis uses representative input and output price vectors (Lowe prices) as weights for
the aggregator functions. Rescaling the inputs and outputs before applying the (same) weights to
aggregate inputs and outputs is equal to assigning just some arbitrary weights. It took me quite
much time to recognize that. In my opinion, the default setting of the ‘productivity’ package
should be changed for the MC Lowe analysis44. If numerical problems occur, due to a too wide
range in inputs and outputs, a workaround has to be found45.

Moreover, conducting the Lowe analysis, I experienced the importance of well-defined maximum
productivity (MP). Any changes in maximum productivity have a very high impact on changes in
efficiency. That is why in my analysis (of “prior representatives”) there was a vast difference
between the normal and the robust analysis.

43

When turning of the rescaling, following message occurs: “Some quantity variables are not between 1e-4 and 1e5.
We recommend rescaling the data or set the scaled option to TRUE to avoid numerical problems.” Probably, the
algorithm is programmed in a way that makes the optimisation faster, but requires the data to be in a certain range.
Despite of the wide range in inputs and outputs in my analysis, just one calculation error occurred. That error was
found be looking into the minima and maxima. Having located the error, it was replaced by the mean of previous and
subsequent year.
44
E.g. for the Färe-Primont index the rescaling of inputs and outputs poses no problem, because appropriate shadow
prices (weights) are calculated anyway.
45
One example for such a workaround could be to rescale the Lowe prices (weights) by the same factor as the inputs
and outputs.
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5.3.2 Additively complete Bennet-Lowe analysis
My main finding while conducting the AC Bennet-Lowe analysis is the need for an appropriate
fixed factor. That has two reasons:
1. Although I wanted to select “sales” as fixed factor, that was not possible because the sales
did change over time. As the selected fixed factor is not included in the productivity
calculation in the AC Bennet-Lowe analysis, selecting “sales” as fixed factor led to very
biased results.
2. The fixed factors in the Bennet-Lowe analysis are the optimisation boundaries in the linear
programs and, thus, indicators for operation scale. That prevented me from using “yearly
fixed assets” as fixed factor.
Thus, other studies should focus on finding fixed factors that do not vary over time and are
appropriate measures of scale when applying the Bennet-Lowe analysis.

5.4 FURTHER RESEARCH
Back from the excursus of findings while applying the two analysis methods, this chapter focuses
on possible further research.
To conduct further research and to obtain more reliable results, it is essential to work with real
quantities. For the very complex grocery retail industry, I do not see a possibility of how to
adequately break down the information in financial statements to the real number of products
without having company-individual material procurement and selling prices. As there is no
database available that provides this company-individual material procurement and selling prices,
it would be advisable to work together with one particular brand that is willing to share its
sensitive information, including exact cash desk data. Preferably, that brand operates different
store types in all regions of France.
When working together with one particular brand, it could be valuable to include the donated
food surplus as a second (desirable) output in the productivity analysis. Like this, the ability of the
grocery retailers to hand over procured products to the direct and indirect end consumers can be
explored.
If the obtained dataset contains many observations, one could consider using SFA instead of DEA
to decompose the productivities. SFA is less prone to outliers and would probably make a manual
exclusion of outliers redundant (O’Donnell, 2012b).
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In this Master Thesis, I only focused on the productivity of grocery retailers, but the charitable
organisations are influenced by the food waste abolition law, too. Following the increased food
donations, they had to find extra volunteers, buy trucks, and get more warehouse and fridge
space (The Guardian & Chrisafis, 2016). Moreover, in an Interview with Franceinfo (2020), Jacques
Bailet stated that Banques Alimentairs has enough food to serve to needy people, but especially
during times of the Coronavirus, they do not have enough voluntary workers to distribute the
available food.
Another analysis could investigate the productivities of charitable organisations and elaborate
political measures that could help charitable organisations to become maximum productive.
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6 CONCLUSION
Besides the extensive limitations, there are still some valuable conclusions that can be drawn
from this study, and the following research questions were answered:
SRQ1.1: What are the general provisions of the European Union towards excess edible
food?
Within the EU law, food donators and food redistributors have to fulfil the same provisions
towards tractability, liability, and hygiene standards as food sellers. The EU set up a “food waste
hierarchy” and advises its member states to encourage the usage of excess edible food along this
hierarchy (usage as: 1. food redistribution, 2. animal feed, 3. reprocessing into non-food).
Currently, the EU does not give clear guidance on how to encourage the food surplus
redistribution, but only names VAT exemptions and fiscal incentives as possible examples. Thus,
the EU does not explicitly prescribe to align the costs of food surplus usages with the food waste
hierarchy.
SRQ1.2: Are there differences in provisions for excess edible food on country levels?
Following the missing guidance, the provisions for excess edible food in European member states
differ significantly. Romania, Spain, and Sweden do not exempt food donations from VAT.
Furthermore, Belgium, Sweden, and the UK do not provide any fiscal incentives for food surplus
redistribution. Romania introduced obligated food donations but failed to align the costs of food
surplus usages with the food waste hierarchy. Following, they were not able to enforce obligated
food donations in practice.
SRQ1.3: Which further provisions for excess edible food are in force in France?
France excludes food donations from the obligation to pay taxes since 1984 and introduced a tax
credit of 60% of the food book value in 2003. The tax credit aligned the cost of food surplus usages
(cost of anaerobic digestion: 372.12€/t; cost of food donation: 65.8€/t) with the food waste
hierarchy. In 2018 France tried to introduce a fixed cap of 10,000€ on the tax credits but removed
the fixed cap in 2019 again.
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RQ1: What are the reasons behind different excess edible food usages in Europe that result in
different food waste levels?
The missing guidance by the EU and the missing enforcement to align the costs of food surplus
usages with the food waste hierarchy led to different provisions for excess edible food in the
European member states. France already implemented powerful incentives to redistribute food
surplus before the introduction of the food waste abolition law, which could explain that the
French food waste level was already below the European average before the introduction of the
food waste abolition law in 2016.
RQ2: Does the French food waste abolition law fulfil its intended positive effect on food security?
Despite the strong incentives to redistribute food surplus already before the introduction of the
food waste abolition law in 2016, the French food security level did not increase between 2006
and 2016. However, the food waste abolition law induced a considerable increase in food
donations of grocery retailers in 2017 and 2018 and thus fulfiled its intended positive effect on
food security.
SRQ3.1: What are the productivity and efficiency effects for the overall grocery retail
industry?
In this thesis, both, Lowe index and Bennet-Lowe indicator, show that the productivity of the
grocery retail industry decreased after 2016, but that this decreasing trend already started in
2014. Thus, the law did not influence the trend. Additionally, the methods agree that the source
of changes in productivity is mainly a technical/environmental change. Efficiencies do rarely
change, and if efficiencies change, that change can be entirely explained by changes in input mix
and operation scale. The average technical efficiency, which indicates if laggards can keep up with
the direct competitors that use the same input mix and have the same operation scale, is
generally high (ITE ≈ 0.92 - 0.98) in the grocery retail industry and does not change over time.
SRQ3.2: Does the law have different productivity and efficiency effects in areas with
different socioeconomic characteristics like population density and income?
All hypotheses that assumed different developments of productivity in areas with different
socioeconomic characteristics could not be verified. Productivity and efficiency changes after
2016 do not vary considerably between areas with different socioeconomic characteristics
(population density, population variation, income level, poverty rate).
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SRQ3.3: Does the law have different productivity and efficiency effects on different store
types like hypermarkets, supermarkets, and convenience stores?
There is no difference in productivity and efficiency changes after the introduction of the law
between the two most prominent store types: hypermarkets and supermarkets. Convenience
stores and discounters face a different productivity change than supermarkets, but the difference
is minimal.
RQ3: What effects does a food waste abolition law, like introduced in France, have on the ability
of the grocery retailing industry to generate sales with its given resources?
In my analysis, the ability of the grocery retailing industry to generate sales with its given
resources (productivity) is generally falling, but there is no distinctive deviation from the
decreasing trend after the introduction of the law. Thus, it can be followed that the food waste
abolition law had no severe effect on the productivity of grocery retailers. Moreover, there are
no (or just small) differences in productivity development between areas with different
socioeconomic characteristics and between different store types.
Therefore, it can be estimated that there will not be severe productivity changes in other
European countries, too, if they implement a similar law.

Political advice to the European Union:
Food surplus redistribution has positive economic, environmental, and social effects and should
be supported by the European Union. Increased food donations lead to higher food security and
decreased greenhouse gas emissions.
The examples of Romania and the removed fixed cap in France show that it is essential to keep
up the intrinsic monetary motivation of grocery retailers to donate food. Thus, the European
Union should prescribe its member states to align grocery stores’ cost of food surplus uses with
the European food waste hierarchy. Literature shows that tax credits are the most effective way
to ensure that alignment.
However, the alignment of grocery retailers’ costs of food surplus uses with the food waste
hierarchy seems not to be enough, because the French food waste abolition law still had a
significant potential to increase food donations. As no severe impacts on productivity could be
observed, and the repeatability in other circumstances is proven, I advise the European Union to
introduce pan-European obligations for grocery retailers to set up contracts with charitable
organisations. Like Jacques Bailet, head of Banques Alimentaires, mentioned in an interview, the
effect of such obligations might not necessarily depend on the level of penalties but on the
symbolic character and the fact that every grocery retailer is at least confronted with the topic of
food surplus donations (The Guardian & Chrisafis, 2016).
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APPENDIX
A.1 METHODS
A.1.1 DEA vs. SFA
Table 16: Advantages and Disadvantages of DEA and SFA
Data Envelopment Analysis (DEA):
“envelopes” observations to obtain production frontier
Advantage
Doesn’t require any
explicit assumptions
concerning error terms or
the functional form of the
unknown production
frontier

No statistical issues (e.g.,
endogeneity) associated
with estimating multipleinput multiple-output
technologies

Fast computer packages
are available for
computing different
measures of efficiency
(e.g. ‘productivity’
package)

Disadvantage
Implicitly assumes that
the production frontier is
locally linear and that all
error terms are zero.
Therefore, it doesn’t
allow for statistical noise
and thus cannot
distinguish inefficiency
from noise. That leads to
its sensitivity of the
results to outliers.
Estimated elasticities of
output response and
associated quantities that
involve partial derivatives
of distance functions are
often implausible (e.g.,
estimated shadow prices
are often zero)

Computationally difficult
to obtain measures of
reliability for efficiency
scores

Stochastic Frontier Analysis (SFA):
uses an arbitrary function to approximate the unknown
production frontier
Advantage
Disadvantage
Accommodates errors of
results may be sensitive
approximation and other
to the choice of
sources of statistical noise approximating functional
(e.g., measurement
form and associated
errors, omitted
assumptions concerning
exogenous variables)
error distributions

Reasonably
straightforward to
conduct statistical
inference (e.g., construct
confidence intervals and
test hypotheses)

SFA estimation of primal
representations of
multiple-input multipleoutput production
technologies may also be
complicated by the fact
that the explanatory
variables in the
econometric model may
be correlated with the
error term. This problem
is known as the
‘endogeneity problem’
Results may be unreliable
if sample sizes are small

Technical efficiency
estimates are generally
upwardly biased in small
samples
Source: Own overview with information from O’Donnell, C. J. (2012). Econometric estimation of distance functions
and associated measures of productivity and efficiency change. Journal of Productivity Analysis, 41(2), 187-200.
doi:10.1007/s11123-012-0311-1
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A.1.2 Interesting properties of Lowe index and Bennet-Lowe indicator
Table 17: Interesting properties of Lowe & Färe-Primont indices and Bennet-Lowe indicator
Qualities

Example formulas*:
output index function
( , , )
=
or output indicator function
( , , )
=

Monotonicity

,
>
,
>

if
if
or
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>
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>
if
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Identity
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Linear
homogeneity
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,

BennetLowe

Value of the function increases
with any increases in quantities of
comparison observation
and
decreases with any increase in
quantities of reference observation

x

x

If quantities of comparison and
reference observation are the
same, then the value of the
function takes 1 (indicator: 0)
A change in the units of
measurement of an output (e.g.,
from Dollar to Euro) does not
change the value of the function.
Aggregation weights (prices)
change accordingly.

x

x

x

x

The value of the function that
directly compares the output
quantities of a comparison
observation with the output
quantities of a reference
observation is identical to the
comparison that is made through
an intermediate observation (jr).
A proportionate increase in the
quantities of the comparison
observation will cause the same
proportionate increase in the value
of the function
Multiplication of the quantities of
comparison and reference
observation will leave the value of
the function unchanged

x

x

indicator

)

,

( Л, Л, Л ) =
( , , ) where Л is a
diagonal matrix with diagonal
elements strictly greater than zero
or
( Л, Л, Л ) =
( , , )
=
∗
or
=
∗

(

Lowe
and
FärePrimont
index

)

,

,

Description
(Value of the function = value of
index or indicator)

,

)

x

x
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Proportionality

(

Homogeneity of
degree one

(

,

,
( ,
for > 0

(
(

Translation
invariance
for

)=

,

,
,

)=
)

+ ,
+ , ) =
)
, ,
> max(− , − )

(own formula)

If the quantities of comparison
observation are proportionate to
the quantities of reference
observation, then the value of the
function is equal to the factor of
proportionality
Proportional increase of the
quantities of comparison and
reference observation will cause
the same proportionate increase in
the value of the function
If the same number is added or
subtracted from the quantities of
comparison and reference
observation, the value of the
function leaves unchanged.
Thus, translation invariance is the
ability to ignore positional shifts.

x

x

x

* Can also be applied to input and productivity indices and indicators.
Source:

O’Donnell, C. J. (2012). "Nonparametric Estimates of the Components of Productivity and
Profitability Change in U.S. Agriculture." American Journal of Agricultural Economics 94(4): 873890.
Ang, F. (2019). "ANALYZING COMPONENTS OF PRODUCTIVITY GROWTH USING THE BENNETLOWE INDICATOR: AN APPLICATION TO WELSH SHEEP FARMS." American Journal of Agricultural
Economics 101(4): 1262-1276.
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A.1.3 Linear Programs for efficiency decomposition
A.1.3.1 Multiplicatively complete Lowe analysis
In the methodology chapter, the efficiency calculation was described as:
⃗(

,

) = sup{ > 0: (

/ ,

)

}

)

}

1

=

⃗(

)

,

The above is summarized to:
= inf{ > 0: (

,

Subsequent, the graphically described arrows can be modelled by following linear programs:
First green and red arrow (ITE):
∈ ℝ × and
∈ ℝ × are quantity matrices of outputs and inputs of all observations in a
time period.
/
=
=
/
Can be estimated with this linear program:
= min
,

. .−

+
≥0
−
≥0
≥0
1′ = 1
reduces all inputs by the same factor. Therefore the mix stays the same.
Second green arrow (ISE):
By removing the convexity constraint 1′ = 1 from the linear program we estimate ITE with
respect to constant reruns to scale (O’Donnell, 2011):
= min
,

. .−

+
≥0
−
≥0
≥0

ISE can be easily calculated by:
=

/

86

Second red arrow (IME):
The calculation of IME is a little bit more complicated.
Because valid aggregator functions are linearly homogenous it can be written like:
)/ ( ) =
(
Thus, we can rewrite the ITE program:
= min

( )/ (

, ,

)

. .− +
≥0
−
≥0
, , ≥0
1′ = 1
=
=
makes it explicit that estimating input-oriented technical efficiency involves estimating
the maximum decrease in aggregate input (equals maximum increase in TFP) that is possible while
holding the output level (and therefore the aggregate output) and the input mix fixed. Moreover,
it suggests that an estimate of the input-oriented mix efficiency of firm i in period t can be
obtained by simply relaxing the mix constraint =

Is estimated with this linear program:
min ( )/ (

)

,

. .− +
≥0
−
≥0
, ≥0
1′ = 1
Afterwards, both results are used to calculate:
=

=

/

=

/

Third green and red arrow (RME & RISE):
1) Calculate MP:
= max (

)

2) Use MP to obtain TFPE:
=

/

3) Calculate residual values:
=
=
87

A.1.3.2 Additively complete Bennet-Lowe analysis
The following shows how the linear programs were coded in R:
Prof Max CRS
,
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=
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,

If additionally an output is fixed,
changes to:

= (

= (
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is added to each linear program and the technology
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A.2 DATA AND ANALYSIS
Table 18: Search Strategy in the Orbis database
Export date

03.03.2020

Search Strategy
World region/Country/Region in country
NAICS 2017 (All codes)
Sales
Material costs
Costs of employees
Fixed assets
Total number of companies:

European Union [15]
4451 - Grocery Stores
All companies with a known value 2012 -2018
All companies with a known value 2012 -2018
All companies with a known value 2012 -2018
All companies with a known value 2012 -2018
12,783

A.2.1 Manual reduction of the dataset
The dataset, which was downloaded in March, contained 12,783 European grocery retailing
companies. As the study focuses on the effects of a French law, only the 2854 (18.25% of all
available companies) French grocery retailing companies could be used for the analysis.
Although the Bureau van Dijk is a very powerful database, the data is not complete, and some
mistakes can take place when putting together the data from different sources. Because DEA is
very vulnerable to outliers, the plausibility of each observation needed to be checked (O’Donnell,
2012b). Table 19 gives an overview of the conditions that I defined to obtain a reduced dataset
with plausible and thus valuable observations.
I defined a sales turnover of 1.621 million € per year as the lower threshold to be included in the
efficiency analysis. This threshold can be calculated by multiplying the average minimum sales
per square meter of the big grocery retailing brands in 2013 and 2014 (Table 20) with 400 square
meters. Remember that 400 square meters are the minimum sales area, which is needed that the
new law becomes binding.
Moreover, I defined that a grocery retailer has to have at least 50 th € costs of employees and 100
th € fixed assets. Like this, companies that distort the analysis by just using families’ labour force
or only renting their store were excluded.
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Table 19: Conditions of observations to stay in the analysis

Parameter
sales
Ratio: sales/material costs
Ratio: sales/material costs
Costs of employees
Fixed assets
Ratio: Fixed assets/depreciation
Ratio: Fixed assets/depreciation

Condition in
th € (has to
be …)
> 4.053*400
<5
> 0.1
> 50
> 100
< 50
>2

Number of
Number of additionally
excluded
excluded
observations observations
4267
4267
15
5
13
2
1618
0
3629
962
1128
490
565
83
11235
5809

Besides the absolute thresholds, I defined ratios as thresholds, too. While excluded sales/material
costs ratios are probably just transferring mistakes in the Orbis dataset, excluded fixed
assets/depreciation ratios are based on the use of unusual depreciation methods that lead to
biased values for companies’ assets.
In general, I defined the thresholds quite slack so that only implausible or distorting values were
excluded, and the normal variance remained in the dataset.
Table 20: Turnover per square meter of the leading grocery retailing brands in France (2013 and 2014)
2013
2014
Big barnds
E. Leclerc
9,496 €
9,471 €
Système U
8,595 €
7,832 €
Groupe Auchan
7,652 €
7,536 €
ITM Entreprises (Intermarché)
7,143 €
7,273 €
Metro Group
6,670 €
6,727 €
Carrefour
5,970 €
6,721 €
Louis Delhaize
5,663 €
5,721 €
Schwarz-Gruppe (Lidl)
5,440 €
5,634 €
Aldi Nord
4,869 €
4,893 €
Casino Guichard-Perrachon
4,213 €
3,895 €
Mean
6,571 €
6,570 €
Minimum
4,213 €
3,895 €
Average of minima in 2013 and 2014
4,054 €
Source: Statista (2015). Bruttoumsatz je Quadratmeter Verkaufsfläche der führenden Unternehmen im
Lebensmittelhandel in Frankreich in den Jahren 2013 und 2014.
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The described thresholds led to an unbalanced dataset because 5809 observations in the years
between 2012 and 2018 were excluded. Sometimes a company had just an implausible or
distorting observation in one year, and the other years remained in the dataset. However, the
‘productivity’ package needs a balanced panel dataset, and therefore, all companies that
occurred less than seven times (seven years in observation) in the reduced dataset were removed
from the dataset (see Table 21 for an exhaustive overview). Surprisingly, 20 companies occurred
more than seven times. Different companies with the same name required to rename them by
adding numbers to the company names.
The new balanced dataset with 1657 companies provided the basis for the next step of data
collection.
Table 21: Overview of the reduction process
Dataset
EU Full
France Full
France (reduced)
France Balanced (reduced)
France Balanced (after review)

Observations
89481
19978
14108
11599
10920

Number of companies
12783
2854
(not available)

1657
1560

A.2.2 Adding additional information
Table 22: Overview of coded store types
Store type
Supermarket
Discount store
Hypermarket
Organic store
Convenience store
Convenience store and supermarket with gas station
Unknown
Wrong NAICS code
Specialized store (e.g. Frozen products and direct marketing)
Hypermarket with gas station
Retailer for a special culture (e.g. Chinese retailer)

Category
1
2
3
4
5
6
8
9
11
12
13

Used for analysis
yes
yes
yes
yes
yes
yes
no
no
no
yes
yes

91

Ain
Aisne
Allier
Alpes de Haute Provence
Alpes Maritimes
Ardeche
Ardennes
Ariege
Aube
Aude
Aveyron
Bas Rhin
Bouches du Rhone
Calvados
Cantal
Charente
Charente Maritime
Cher
Correze
Corse du Sud
Cote d Or
Cotes d Armor
Creuse
Deux Sevres
Dordogne
Doubs
Drome
Essonne
Eure
Eure et Loire
Finistere
Gard
Gers

6
12
4
5
17
7
4
9
5
14
19
14
37
26
11
7
18
15
6
3
11
7
1
7
11
10
22
22
6
12
6
34
6

Department poverty rate in
2016

Average net income per
household in 2015

Average population variation
between 2011 and 2020

Average population variation
between 2016 and 2020

Population density in 2020

Population in 2020

Average population variation
between 2011 and 2016

Population density in 2016

Population in 2016

Area (km2)

Department

Number of DMUs in balanced
dataset

Table 23: Regional socioeconomic information for French departments

5762
7362
7340
6925
4299
5529

638425
536066
339384
162565
1083704
325157

110.8
72.8
46.2
23.5
252.1
58.8

1.1
-0.2
-0.2
0.2
0.0
0.5

656955
526050
331315
165197
1079396
326875

114.0
71.5
45.1
23.9
251.1
59.1

0.7
-0.5
-0.6
0.4
-0.1
0.1

0.9
-0.3
-0.4
0.3
0.0
0.3

2433
1825
1800
1887
2233
1880

10.7
18.9
15.5
16.4
15.7
14.4

5229
4890
6004
6139
8735
4755
5088
5535

275371
153067
308910
368025
278697
1121407
2019717
693679

52.7
31.3
51.4
59.9
31.9
235.8
397.0
125.3

-0.6
0.1
0.3
0.4
0.2
0.4
0.4
0.3

265531
152398
309907
372705
278360
1132607
2034469
691453

50.8
31.2
51.6
60.7
31.9
238.2
399.9
124.9

-0.9
-0.1
0.1
0.3
0.0
0.2
0.2
-0.1

-0.7
0.0
0.2
0.4
0.1
0.3
0.3
0.1

1793
1689
1975
1710
1872
2254
2092
2047

19.4
18.5
16.2
21.1
13.7
13.1
18.5
12.6

5726
5956
6864
7235
5857
4014
8763
6878

145969
353288
642191
307110
241535
154303
533213
598953

25.5
59.3
93.6
42.4
41.2
38.4
60.8
87.1

-0.2
0.0
0.5
-0.3
-0.1
1.1
0.3
0.2

142811
348180
647080
296404
240336
162421
532886
596186

24.9
58.5
94.3
41.0
41.0
40.5
60.8
86.7

-0.5
-0.4
0.2
-0.9
-0.1
1.3
0.0
-0.1

-0.4
-0.2
0.4
-0.6
-0.1
1.2
0.2
0.1

1769
1887
1996
1903
1894
1965
2185
1982

13.4
14.9
13.4
14.9
13.2
17.2
11.6
12.1

5565
5999
9060
5233
6530
1804
6040
5880

119502
374743
414789
538549
508006
1287330
602825
433929

21.5
62.5
45.8
102.9
77.8
713.4
99.8
73.8

-0.5
0.2
0.0
0.4
0.8
1.0
0.5
0.2

116270
372627
408393
539449
520560
1319401
600687
429425

20.9
62.1
45.1
103.1
79.7
731.2
99.5
73.0

-0.7
-0.1
-0.4
0.0
0.6
0.6
-0.1
-0.3

-0.6
0.0
-0.2
0.2
0.7
0.8
0.2
0.0

1631
1952
1789
2194
1985
2531
2065
2150

18.4
12.4
16.5
12.2
15.2
12.9
13.0
12.2

6733
5853
6257

908249
742006
190664

134.9
126.8
30.5

0.2
0.6
0.2

906554
748468
190040

134.6
127.9
30.4

0.0
0.2
-0.1

0.1
0.4
0.1

2041
1878
1839

10.8
19.8
15.0
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Gironde
Haut Rhin
Haute Corse
Haute Garonne
Haute Loire
Haute Marne
Haute Saone
Haute Savoie
Haute Vienne
Hautes Alpes
Hautes Pyrenees
Hauts de Seine
Herault
Ille et Vilaine
Indre
Indre et Loire
Isere
Jura
Landes
Loir et Cher
Loire
Loire Atlantique
Loiret
Lot
Lot et Garonne
Lozere
Maine et Loire
Manche
Marne
Mayenne
Meurthe et Moselle
Meuse
Morbihan
Moselle
Nievre
Nord
Oise
Orne
Paris
Pas de Calais
Puy de Dome
Pyrenees Atlantiques
Pyrenees Orientales

32
12
11
57
10
12
5
22
14
2
17
19
34
17
5
16
35
2
24
21
24
26
8
12
20
1
27
11
7
9
10
2
9
2
8
49
10
3
17
26
14
23
20

9976
3525
4666

1566679
762743
176152

157.1
216.4
37.8

1.6
0.3
0.9

1633440
763204
182258

163.7
216.5
39.1

1.1
0.0
0.9

1.4
0.2
0.9

2150
2380
1780

12.7
13.1
21.7

6309
4977
6211
5360
4388
5520
5549
4464

1348183
227339
178084
237242
801416
374978
141107
227829

213.7
45.7
28.7
44.3
182.6
67.9
25.4
51.0

1.4
0.2
-0.5
-0.2
1.4
-0.1
0.4
-0.1

1400935
226901
169250
233194
828405
370774
141756
226839

222.0
45.6
27.3
43.5
188.8
67.2
25.5
50.8

1.0
0.0
-1.2
-0.4
0.8
-0.3
0.1
-0.1

1.2
0.1
-0.8
-0.3
1.2
-0.2
0.3
-0.1

2272
1846
1815
1848
2805
1924
1940
1802

12.8
12.3
15.6
14.0
9.2
15.3
14.3
15.0

176
6101
6775
6791
6127
7432
4999
9243

1603268
1132481
1051779
223505
606223
1252912
260517
405010

9129.7
185.6
155.3
32.9
98.9
168.6
52.1
43.8

0.3
1.3
1.1
-0.6
0.4
0.6
-0.1
0.9

1613762
1176145
1082073
217139
605380
1264979
257849
411979

9190.0
192.8
159.7
32.0
98.8
170.2
51.6
44.6

0.2
1.0
0.7
-0.7
0.0
0.2
-0.3
0.4

0.2
1.2
0.9
-0.6
0.2
0.4
-0.2
0.7

3349
1942
2166
1805
2121
2243
2031
1976

12.2
19.2
10.6
14.8
12.8
11.5
11.7
11.9

6343
4781
6874
6775
5217
5361
5167
7107

332769
761997
1380852
674330
173347
332833
76422
810934

52.5
159.4
200.9
99.5
33.2
62.1
14.8
114.1

0.1
0.3
1.3
0.4
-0.2
0.1
-0.2
0.5

327835
764737
1437137
682890
173166
330336
76286
815881

51.7
160.0
209.1
100.8
33.2
61.6
14.8
114.8

-0.4
0.1
1.0
0.3
0.0
-0.2
0.0
0.2

-0.1
0.2
1.2
0.4
-0.1
0.0
-0.1
0.3

2045
1958
2218
2161
1870
1802
1764
2025

12.8
14.9
10.2
13.2
14.7
17.2
14.3
11.7

5952
8169
5175
5246
6211
6823
6216
6817

498362
570883
307688
733821
189055
747548
1045271
209161

83.7
69.9
59.5
139.9
30.4
109.6
168.2
30.7

-0.1
0.2
0.0
0.0
-0.5
0.6
0.0
-0.9

490669
563823
305365
730398
181641
755566
1035866
199596

82.4
69.0
59.0
139.2
29.2
110.7
166.6
29.3

-0.4
-0.3
-0.2
-0.1
-1.0
0.3
-0.2
-1.1

-0.2
0.0
-0.1
-0.1
-0.7
0.5
-0.1
-1.0

1942
2213
1992
2051
1851
2055
2053
1793

12.5
14.4
11.7
14.5
15.5
11.3
14.6
15.8

5743
5860
6103
105
6671
7970
7645
4116

2603723
823542
285308
2190327
1470725
650700
673986
474369

453.4
140.5
46.7
20781.1
220.5
81.6
88.2
115.2

0.2
0.4
-0.4
-0.5
0.1
0.5
0.5
0.9

2588988
825077
276903
2148271
1452778
660240
683169
479000

450.8
140.8
45.4
20382.1
217.8
82.8
89.4
116.4

-0.1
0.0
-0.7
-0.5
-0.3
0.4
0.3
0.2

0.0
0.2
-0.5
-0.5
-0.1
0.4
0.4
0.6

1934
2156
1825
3417
1779
2057
2110
1756

19.2
13.1
16.0
15.8
19.8
12.9
12.1
20.7
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Rhone

3249
8575
6206

1835903
555023
567561

565.0
64.7
91.5

1.0
0.0
0.1

1876051
547824
560227

577.4
63.9
90.3

0.5
-0.3
-0.3

0.8
-0.1
-0.1

2375
1966
1981

13.9
13.0
13.4

6028
5915
6278
236
6170
5758
3718
609

429681
1397665
1255755
1606659
572744
386448
256897
144089

71.3
236.3
200.0
6802.1
92.8
67.1
69.1
236.4

0.5
0.9
0.1
1.0
0.1
0.5
1.0
0.1

432548
1423607
1243788
1670149
569769
387898
262618
140145

71.8
240.7
198.1
7070.9
92.3
67.4
70.6
230.0

0.2
0.5
-0.2
1.0
-0.1
0.1
0.6
-0.7

0.4
0.7
-0.1
1.0
0.0
0.3
0.8
-0.2

2216
2370
2022
1760
1895
1870
1801
2094

10.1
11.6
14.7
28.6
17.1
15.5
17.2
14.6

1246
245
5973
3567
6720
6990
5874
7427

1221923
1378151
1055821
559014
670597
436069
369641
340544

980.7
5624.4
176.8
156.7
99.8
62.4
62.9
45.9

0.7
0.7
0.8
0.4
0.9
0.4
-0.5
-0.1

1248354
1406041
1073836
560997
683187
437398
359520
332096

1002.0
5738.9
179.8
157.3
101.7
62.6
61.2
44.7

0.5
0.5
0.4
0.1
0.5
0.1
-0.7
-0.6

0.6
0.6
0.6
0.3
0.7
0.3
-0.6
-0.3

2288
2449
2106
1887
2020
1961
1836
1934

16.8
16.7
15.5
19.7
9.6
14.1
15.7
14.7

Yvelines

39
14
17
26
39
14
29
23
9
12
4
15
13
41
23
12
4
15
8
101

2284

1431808

626.8

0.3

1448625

634.1

0.3

0.3

3178

9.7

Mean

16.2

5666

671549

563.7

0.3

676020

565.1

0.0

0.2

2043

14.6

Saone et Loire
Sarthe
Savoie
Seine et Marne
Seine Maritime
Seine Saint Denis
Somme
Tarn
Tarn et Garonne
Territoire de Belfort
Val d Oise
Val de Marne
Var
Vaucluse
Vendee
Vienne
Vosges
Yonne

Sources:

Ministère de l'Economie, & JDN (Producer). (2015). Le classement des revenus par département.
Retrieved from
http://www.journaldunet.com/business/salaire/classement/departements/revenus
INSEE. (2020). Comparateur de territoire. Retrieved from
https://www.insee.fr/fr/statistiques/zones/1405599
INSEE. (2020). Tableaux de l'économie française. Retrieved from
https://www.insee.fr/fr/statistiques/4277596?sommaire=4318291
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A.2.3 Selection of input and output variables
Table 24: Comparison of different indices and rescaling using the average observation of the dataset

Average observation (in th €)

Monetary value of inputs (in th €)
Non-rescaled Low Index
TFP for different
indices and
Rescaled Low Index
rescaling
Färe-Primont Index
Cost reduction
Non-rescaled Low Index
Rescaled Low Index
Change in TFP
Färe-Primont Index

Mean
yearly fixed
assets
709

Mean
material
costs
35640

Mean
costs of
employees
5412

Average
observation

Fixed
assets cut
in halve

Material
costs cut in
halve

41405
1.14
0.40
0.77
0.85%
0.84%
19.87%
3.16%

23940
1.98
0.40
1.32
42.67%
74.82%
20.31%
76.88%

41760
1.13
0.33
0.75

Mean
sales
47849
Costs of
employees
cut in
halve
39054
1.21
0.40
0.77
6.48%
6.80%
19.82%
3.59%

The Färe-Primont index is independent of rescaling. The distance-based aggregator function adjusts the shadow prices
to the rescaled data. Thus, non-rescaled and rescaled Färe-Primont indices reveal the same TFPs.
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Table 25: Summary of regression analyses for input and output selection
Scenario
Without assets

Depreciation as input

Invest in fixed assets as input

Yearly fixed assets as input
(Lowe analysis)

Fixed assets as input

Fixed assets as input; without
Costs of employees (BennetLowe analysis)

Coefficients
(Intercept)
Material costs
Costs of employees
(Intercept)
Depreciation
Material costs
Costs of employees
(Intercept)
Invest in fixed
assets
Material costs
Costs of employees
(Intercept)
yearly fixed assets
Material costs
Costs of employees
(Intercept)
Fixed assets
Material costs
Costs of employees
(Intercept)
yearly fixed assets
Material costs

Estimate

p-value

224.70
1.16
1.08
-90.57
3.08
1.18
0.57
-418.80

0.1750
<2e-16
<2e-16
0.5520
<2e-16
<2e-16
<2e-16
0.0111

-0.73
1.25
0.70
-330.20
5.87
1.11
0.73
-337.80
0.55
1.11
0.72
-1248.00
6.28
1.23

Adjusted
R-squared
***
***
***
***
***
*

0.9990

0.9992

<2e-16 ***
<2e-16
<2e-16
0.0003
<2e-16
<2e-16
<2e-16
0.0003
<2e-16
<2e-16
<2e-16
<2e-15
<2e-16
<2e-16

***
***
***
***
***
***
***
***
***
***
***
***
***

0.9992

0.9997

0.9997

0.9996

Significance levels: * ≤ 0.05; ** ≤ 0.01; *** ≤ 0.001
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A.2.4 Derivation of price indices
The division by price indices ensures that one Euro, which is received or paid, represents the same
quantity of products, employees, or assets in all observed years. Therefore, the real prices can be
regarded as implicit quantities.
Because the accounting data is given on a yearly basis, I needed price indices on a yearly basis,
too. For indices that were only available on a monthly basis, yearly indices were calculated by
geometric means. Moreover, it is important for the comparison of different inputs and outputs
that all used indices have the same base year. As I investigated the effects of a law in 2016, the
base year is manually set to 2016 by dividing each index by the respective value in 2016.
The inputs “yearly fixed assets” and “costs of employees”, could be transformed into implicit
quantities by the same index for all store types.
“Yearly fixed assets” were divided by the gross fixed capital formation index for the wholesale
and retail industry (and industry of motor vehicle reparation) to become implicit quantity (INSEE,
2019). “Costs of employees” could be converted to implicit quantity by dividing by the Labour Cost
Index (LCI) of the wholesale and retail industry (and industry of motor vehicle reparation) (INSEE,
2020d).
In contrast, for the input “material costs” and the output “sales”, it was not possible to take one
predefined index to calculate implicit quantities, but weighted geometric means of different
indices (see Table 26) had to be calculated. As indicated in the main part, that is because the
different store types sell different shares of food and non-food products.
The obtained shares in Table 4 were used as weights for the calculation of individual price indices.
On the one hand, I used producer price indices for the calculation of individual material input
price indices, because the producer price is the price a producer receives from a grocery retailer.
On the other hand, consumer price indices were the basis for the individual output indices.
In detail, the food shares were taken as weights for the “producer price index of food products,
beverages and tobacco products sold in France” (INSEE, 2020f) and the consumer price index for
food of all French households (INSEE, 2020a)
However, it has to be mentioned that grocery retailers in France generate on average 10% of their
sales with fuels (INSEE, 2020e). Thus, the non-food shares were further divided into general nonfood products and petroleum products (see Table 27). While I estimated that hypermarkets
generate 9% of their sales with petroleum products, I assumed that convenience stores generate
on average 13% of their sales with petroleum products because of their smaller size. In cases
where I could definitely verify that a gas station is operated, the petroleum product shares were
increased to 15% for hypermarkets and to 20% for supermarkets and convenience stores.
Afterwards, the residually calculated general non-food shares were taken as weights for the
“producer price index of consumer goods except agri-food products sold in France” (INSEE,
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2020h) and the consumer price index for general non-food of all French households (INSEE,
2020b).
Unfortunately, I could only find a producer price index for all oil refining products (INSEE, 2020g).
This index would have included other oil-based products like plastic and differed very much from
the consumer price index of petroleum products (INSEE, 2020g).
As gasoline is only a pass-through item for the most gas stations, I decided to take the “consumer
price index of petroleum” as a normalizing index for both, the gasoline input as well as the
gasoline output of a grocery store.
For the final price indices per store type that were applied in the dataset, see Table 28.

Table 26: Basis indices used for calculation unique price indices per store type

Observe that the producer price index for oil refining products varies very strongly from the consumer price index of
petroleum products. The index might include other products like plastics and thus distort the dataset. Thus it is not
used for the analysis.
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Table 27: Shares of retail components within store type

Table 28: Unique price indices per store type
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A.3 RESULTS
A.3.1 Further Figures and annual change rates
Figure 15: Efficiency levels of grocery retail industry (pure scale efficiency)

law

law

Figure 16: Efficiency levels of grocery retail industry (pure mix efficiency)

law

law
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Table 29: Annual change rates of productivity, technical change and technical efficiency change in French
grocery retail industry: normal analysis

Figure 17: TFP efficiency change and its decomposition into technical efficiency change and scale mix
efficiency change

law

law

law

Minor changes in TFP efficiency of grocery retail industry explained purely by scale mix efficiency changes

A.3.2 Productivity level of representatives
When comparing the different representatives, it has to be kept in mind that different
representatives can have different service levels that lead to different sales margins! Thus it is no
solely quantity-based productivity!
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Figure 18 up to Figure 21 show the productivity levels in the three different analyses. It is evident
that the levels of Bennet-Lowe analysis are significantly different from the levels of both Lowe
analyses. While the Bennet-Lowe analysis generally revels high productivities for large scale
hypermarkets, it reveals low productivities for the smaller convenience stores, discounters, and
organic stores.
Figure 18: Productivity levels of hypermarket representatives

Figure 19: Productivity levels of supermarket representatives
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Figure 20: Productivity levels of convenience store representatives

Figure 21: Productivity levels of discounters and organic stores
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A.3.3 Transferability into other realities
A.3.3.1 Socioeconomic characteristics
Table 30: Median input mix in areas with population reduction/stagnation and areas with population
increase (in the years 2017 & 2018)

Areas with
population
reduction/stagnation
Areas with
increasing
population

Median of 2017
and 2018 (th €)
Median input
mix
Median of 2017
and 2018 (th €)
Median input
mix

Difference in PP

Yearly fixed
assets

Material
costs

Costs of
employees

Sum of
inputs

121.875

13194.194

1310.475

14626.545

0.83%

90.21%

8.96%

100.00%

107.299

11060.090

1206.017

12373.406

0.87%

89.39%

9.75%

100.00%

0.03%

-0.82%

0.79%

Table 31: Median input mix in low income and high-income areas (in the years 2017 & 2018)

Low-income areas

High-income areas

Yearly fixed
assets

Material
costs

Costs of
employees

Sum of
inputs

Median of 2017
and 2018 (th €)

97.247

10982.635

1154.721

12234.603

Median input mix

0.79%

89.77%

9.44%

100.00%

107.775

9017.602

1091.285

10216.662

1.05%

88.26%

10.68%

100.00%

0.26%

-1.50%

1.24%

Median of 2017
and 2018 (th €)
Median input mix

Difference in PP

Table 32: Median input mix in areas with low and high poverty rate (in the years 2017 & 2018)

Areas with low
poverty rate

Areas with high
poverty rate

Median of 2017
and 2018 (th €)
Median input mix
Median of 2017
and 2018 (th €)
Median input mix

Difference in PP

Yearly fixed
assets

Material
costs

Costs of
employees

Sum of
inputs

126.803

11123.677

1246.455

12496.935

1.01%

89.01%

9.97%

100.00%

106.836

12136.730

1273.626

13517.192

0.79%

89.79%

9.42%

100.00%

-0.22%

0.78%

-0.55%
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Table 33: Means and medians of productivity/inefficiency levels and changes in the two years after law
implementation with regard to different socioeconomic parameter sets (AC Bennet-Lowe results)

Significance levels: * ≤ 0.05; ** ≤ 0.01; *** ≤ 0.001
Changes are given in % (multiplied by 100)
Red cells: referenced in the main part
In case of inefficiency: minimum marked blue
In cases of productivity and changes: maximum marked blue

A.3.3.2 Store types
Table 34: Median input mix and median operation scale in different store types (in the years 2017 & 2018)
Material
costs

Costs of
employees

Sum of
inputs

Median
operation
scale*

12799.184

1313.609

14242.219

1.0

0.91%

89.87%

9.22%

100.00%

605.526

34693.327

4341.679

Median input mix

1.53%

87.52%

10.95%

Median of 2017 and
2018 (th €)

44.678

2499.980

385.033

Median input mix

1.52%

85.33%

13.14%

Median of 2017 and
2018 (th €)

34.617

4446.013

367.267

Median input mix

0.71%

91.71%

7.58%

Yearly fixed
assets

Supermarkets

Median of 2017 and
2018 (th €)
Median input mix

Hypermarkets

Convenience stores

Discounter

Median of 2017 and
2018 (th €)

129.427

39640.532

2.8

100.00%
2929.690

0.2

100.00%
4847.898

0.3

100.00%

*Median operation scale calculated by dividing each sum of inputs by supermarkets’ the sum of inputs
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Figure 22: Boxplots of the TFP levels per store type after the implementation of the law (additively complete
analysis)

Table 35: Geometric means, medians and statistical tests of productivity/inefficiency levels and changes
for supermarkets compared to further store types (years: 2017 & 2018) (MC Lowe results)

Significance levels: * ≤ 0.05; ** ≤ 0.01; *** ≤ 0.001
higher marked blue; lower marked rose
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Table 36: Arithmetic means, medians and statistical tests of productivity/inefficiency levels and changes
for supermarkets compared to other store types (years: 2017 & 2018) (AC Bennet-Lowe results)

Significance levels: * ≤ 0.05; ** ≤ 0.01; *** ≤ 0.001
Changes are given in % (multiplied by 100)
Red cells: high difference between median and means; significant difference in available technology
In case of inefficiency: lower marked blue; higher marked rose
In cases of productivity and changes: higher marked blue; lower marked rose
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A.4 ROBUSTNESS ANALYSIS
Figure 23: Aggregate quantity plots of the original dataset and prior representatives (year: 2016): robust
Lowe analyses

Casino Supermarket

SA MOUFLON

Figure 24: Comparison of Lowe productivity and efficiency levels with subsequent or prior representatives:
robust Lowe analyses

law

law
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Figure 25: Productivity change and its decomposition into technical as well as TFP efficiency change:
robustness analysis

law

law

law

Table 37: Annual change rates of productivity, technical change and technical efficiency change in French
grocery retail industry: robustness analysis
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Figure 26: TFP efficiency change and its decomposition into technical efficiency change, scale efficiency
change, and mix efficiency change (pure scale efficiency): robustness analysis

law

law

law

Figure 27: TFP efficiency change and its decomposition into technical efficiency change, scale efficiency
change, and mix efficiency change (pure mix efficiency): robustness analysis

law

law

law

Table 38: Geometric means, medians and statistical tests of productivity/efficiency levels and changes in
low and high socioeconomic parameter sets of population density (years: 2017 & 2018): robust
Lowe analysis

Significance levels: * ≤ 0.05; ** ≤ 0.01; *** ≤ 0.001
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Table 39: Geometric means, medians and statistical tests of productivity/efficiency levels and changes in
low and high socioeconomic parameter sets of population variation (years: 2017 & 2018): robust
Lowe analysis

Significance levels: * ≤ 0.05; ** ≤ 0.01; *** ≤ 0.001

Table 40: Geometric means, medians and statistical tests of productivity/efficiency levels and changes in
low and high socioeconomic parameter sets of income level (years: 2017 & 2018): robust Lowe
analysis

Significance levels: * ≤ 0.05; ** ≤ 0.01; *** ≤ 0.001

Table 41: Geometric means, medians and statistical tests of productivity/efficiency levels and changes in
low and high socioeconomic parameter sets of poverty rate (years: 2017 & 2018): robust Lowe
analysis

Significance levels: * ≤ 0.05; ** ≤ 0.01; *** ≤ 0.001
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Table 42: Geometric means, medians and statistical tests of productivity/efficiency levels and changes for
supermarkets compared to other store types (years: 2017 & 2018): robust Lowe analysis

Significance levels: * ≤ 0.05; ** ≤ 0.01; *** ≤ 0.001

A.5 FÄRE-PRIMONT INDEX
A.5.1 Calculation
While the Lowe indicator required price information to aggregate input and output quantities,
the Färe-Primont aggregator function is independent of price information (O’Donnell, 2011). Nonlinear Färe-Primont aggregator functions (42) & (43), which are proportional to the distance
functions, measure the importance of inputs and outputs for the production process in quantity
terms. Instead of representative price vectors, the distance functions depend on fixed
∈ ℝ 46.
∈ ℝ and a representative time
representative quantity vectors
∈ ℝ or
However, the in depth explanation of the underlying distance function is out of scope for this
Master Thesis. For more information see: (O’Donnell, 2012b)
(

)∝

(

)∝

(

,

,

,

,

)

(42)
(43)

46

In depth explanation of the underlying distance function out of scope for this Master Thesis, because Färe-Primont
analysis is abandoned later. For more information see: (O’Donnell, 2012b)

112

Nevertheless, it can be noted that the distance functions are proportional to the individually
observed quantities
and . Therefore, it is possible to take the derivatives of these distance
functions with respect to the observed quantities to obtain company and time-invariant shadow
prices ∗ and ∗ (O’Donnell, 2011).
∗

(

=
∗

=

,
,

,
,

)/

(44)

/

(45)

Following, the Färe-Primont aggregator functions can be written in a similar linear aggregation
functions like the Lowe aggregator functions, just with normalized shadow prices as aggregation
weights. The weights itself were calculated by the derivative of non-linear distance functions.
(

)∝

∗

(

)∝

∗

∗

∗

(46)
(47)

In practice, the aggregate quantities are directly calculated by the distance functions without
taking the detour of normalized shadow prices. Nevertheless, they can be additionally calculated
to investigate the appropriateness of the attached Färe-Primont weights.

A.5.2 Reason for exclusion
I tested the importance that the Färe-Primont aggregator function attached to different inputs. It
has to be noted that the Färe-Primont index is independent of the previous (variable-wise)
normalization of the variables because the index implies the calculation of “appropriate” shadow
prices anyway. However, this advantage is, at the same time, the most significant disadvantage
of the Färe-Primont index because the aggregation weights for inputs and outputs solely depend
on a distance function. In my analysis, the outcome (incl. shadow prices) of the aggregator
distance function was highly dependent on the definition of the exclusion parameters and thus,
the analysed sample. Already the exclusion of just one big observation led to totally different
shadow prices and thus highly different productivity results. Moreover, as can be seen in Table
24, the Färe-Primont index overestimates the importance of changes in yearly fixed assets and
underestimates the importance of changes in employment costs for the current definition of
exclusion parameters.
Both, the sensitivity towards exclusion parameters and the biased importance of variable changes
resulted that I decided to focus solely on the Lowe indicator and leave out the Färe-Primont index.
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A.6 IMPLICIT PRODUCTIVITY
In the multiplicatively complete approach, it is possible to calculate implicit productivities, which
can be explained by the current productivity and pricing environment of a company. I will first
explain the calculation and afterwards provide a short interpretation of the Lowe profitability
decomposition in my dataset.

A.6.1 Calculation
If the real price vectors ( and
) are available47, then the obtained aggregate quantities
and
allow calculating implicit aggregate prices
and
.
= ′

/

(48)

= ′

/

(49)

Next, these aggregate prices and quantities can be used to estimate implicit profitability in
aggregate quantity space.
=

=

∗

(50)

While dividing an aggregate output by an aggregate input is the exact definition of multiplicatively
complete productivity, the relative of the implicit aggregate output price to the implicit aggregate
input price is captured by the “terms of trade (TT)”.
O’Donnell (2012c) points out the inverse relationship between the terms of trade and the
productivity of a company. In perfectly competitive markets, all profits are zero, and the TT equals
exactly the reciprocal of maximum productivity.
As possible for productivity, changes in profitability can be easily calculated by dividing the values
of the comparison observation by the values of the reference observation.
=

∗

=

∗

(51)

47

The Färe-Primont aggregator function itself is independent from real price vectors, but the calculation of FärePrimont profitability scores requires real price information.
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A.6.2 Interpretation of results
My dataset revealed that in 2016 the average profitability level of the grocery retail industry was
1.13 (“subsequent representatives” tactic) up to 1.14 (“prior representatives” tactic). That
indicates a small surplus for the grocery retail industry.
However, it becomes evident from Figure 28 that implicit profitability does not change at all
between 2012 and 2018. In both, “subsequent” and “prior” tactic, all changes in productivity are
reciprocally outweighed by changes in terms of trade.
Figure 28: Changes in implicit profitability of grocery retail industry explained by changes in terms of trade
and productivity

law

law

Furthermore, as can be seen in Figure 29, changes in terms of trade itself can be explained by
changes in aggregate input and output price indices. The aggregate price indices show that there
was a decisive event in 2016.
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Figure 29: Terms of trade and development of price indices
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Remember:
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While the output price index was stable between 2012 and 2016, it is a strong rise visible after
the implementation of the food waste abolition law. Furthermore, a decreasing trend in the input
price index sharply turned into an increasing trend in 2016. This increase in input and output price
indices after 2016 could have various reasons. It could result from a higher public appreciation of
food, from higher buyer power due to saved money by free served meals or from stabilized
contracts between producers and grocery retailers (ADEME et al., 2016).
However, the decreasing input prices before 2016 were not forwarded to the customers of
grocery retailers, and the selling prices increased more severe than the input prices of grocery
retailers after the implementation of the law. This led to the increasingly favourable TT for grocery
retailers to outweigh their decreased productivity.
As grocery retailers seem to hold similar profitability in any case, one can reason that any change
in the productivity of the grocery retail industry is forwarded to the customers and thus to all
French inhabitants by a higher output/input price ratio (selling margin). Thus, higher official
instructions and higher requirements towards general service levels will have to be paid by the
French society while leaving the profits of grocery retailers untouched.
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