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“For scientists such as ourselves, perfection only brings despair.

It is our job to create things more wonderful than anything before them,
but never to obtain pertfection.

A scientist must be a person who finds ecstasy

while suffering from that antimony.”

Noriaki Kubo (1977—), Japanese manga artist.
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Abstract

The goal of this thesis is to comprehensively address and explore the intricate challenges rooted in mu-
nicipal solid waste and its core component, i.e., food waste, with the ultimate aim of formulating effective
strategies for sustainable waste management. Using a variety of quantitative and qualitative methods, such
as Latent Dirichlet Allocation, Preferred Reporting Items for Systematic Reviews and Meta-Analyses state-
ment methodology, and machine learning algorithms, this research seeks to uncover the multifaceted di-
mensions of municipal solid waste and food waste mitigation. The thesis unfolds into three pivotal research
works, each alluding to a different perspective of waste management.

The first work revolves around topic modeling, exploring the most common topics on municipal solid
waste that concern the scientific community and the European Union policymakers. For each of these two
spheres, a Latent Dirichlet Allocation model is developed, and the resulting topics are identified, labeled,
and grouped into larger topic groups. The topics are presented and discussed to provide an overview of
municipal solid waste. In addition, the similarity between the content generated by the scientific community
and projects funded by the European Union is evaluated.

The second work explores quantitative food waste approaches through a systematic literature review
using the Preferred Reporting Items for Systematic Reviews and Meta-Analyses statement methodology.
This analysis dissects analytical dimensions and culminates in a meticulous critical review. This work
navigates through key features of descriptive, predictive, and prescriptive analysis, providing a panoramic
view of food waste approaches within the waste management landscape.

The third work focuses on food waste minimization by deploying food demand machine learning pre-
dictive algorithms across three food services. This work assesses waste reduction effectiveness and quan-
tifies the potential benefits by comparing the predictions of the deployed models to the baseline models,
which aim to mimic how the food catering services perform their own predictions. The amount of food
waste that can be avoided and the number of meals that can be served are quantified, emphasizing the
importance of reliable demand forecasting models within food services operations.

Together, these three research works aim to bridge the gap between academic insights and actionable
strategies for sustainable waste reduction. At the core of this research is the recognition of the staggering
challenges posed by municipal solid waste and food waste across economic, environmental, and social
domains. This research meticulously dissects prevailing waste management paradigms while advocating for
a more cohesive, integrated approach. In particular, it highlights the crucial role of food waste minimization
and robust demand forecasting models within the food service sector, urging a concerted effort between the
research and policy communities. Through the use of various quantitative analyses, this thesis briefs a
course towards sustainable waste reduction practices, with the aim of bridge the gap between academic
insights and practical policy implementation.

keywords: Cosine Similarity, Data Analytics, Demand Forecast, Food Catering Services, Food Waste,
Frequency Analysis, Latent Dirichlet Allocation, Machine Learning, Municipal Solid Waste, Quantitative
Analysis, Sustainability, Systematic Literature Review, Text Mining, Topic Modeling, Waste Reduction.
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Resumo

O objetivo desta tese é abordar e explorar de forma abrangente os desafios intrincados enraizados nos
residuos sélidos urbanos e na sua componente principal, os residuos alimentares, com o objetivo final
de formular estratégias eficazes para uma gestdo sustentavel dos residuos. Recorrendo a uma variedade
de métodos quantitativos e qualitativos, tais como a Latent Dirichlet Allocation, a metodologia Preferred
Reporting Items for Systematic Reviews and Meta-Analyses statement e algoritmos de machine learning,
esta investigacao procura descobrir as dimensdes multifacetadas dos residuos s6lidos urbanos e da mitigagao
dos residuos alimentares. A tese desdobra-se em trés trabalhos de investigagdo fundamentais, cada um deles
aludindo a uma perspetiva diferente da gestio de residuos.

O primeiro trabalho gira em torno da modelagdo de tdpicos, explorando os tépicos mais comuns sobre
residuos sélidos urbanos que preocupam a comunidade cientifica e os decisores politicos da Unido Europeia.
Utilizando dois modelos de Latent Dirichlet Allocation, os topicos mais importantes podem ser definidos,
nomeados e agrupados em grupos de topicos maiores para as duas fontes mencionadas. Os tpicos sdao
apresentados e discutidos de modo a proporcionar uma visdo mais alargada dos residuos sélidos urbanos.
Além disso, a correlagdo entre as duas fontes € avaliada pela semelhanga de cosseno.

O segundo trabalho analisa as abordagens quantitativas do desperdicio alimentar através de uma re-
visdo sistemadtica da literatura, utilizando a metodologia Preferred Reporting Items for Systematic Reviews
and Meta-Analyses statement. Esta andlise disseca dimensdes analiticas e culmina numa revisao critica
meticulosa. Este segmento navega através das principais caracteristicas da andlise descritiva, preditiva e
prescritiva, proporcionando uma visdo panoramica do desperdicio alimentar no panorama da gestdo de
residuos.

O terceiro trabalho centra-se na minimizacao do desperdicio alimentar através da aplica¢do de algorit-
mos de machine learning em trés servicos alimentares. Este segmento avalia a eficdcia da reducdo de resi-
duos e quantifica os potenciais beneficios, comparando as previsdes dos modelos implementados com os
modelos de referéncia, que visam imitar a forma como os servicos de restauracdo efectuam as suas proprias
previsdes. A quantidade de desperdicio alimentar que pode ser evitada e o nimero de refeicdes que po-
dem ser servidas sdo quantificados, realcando a importancia de modelos fidveis de previsdo da procura nas
operacdes de servicos alimentares.

Em conjunto, estes trés trabalhos de investigacio pretendem colmatar a lacuna entre os conhecimentos
académicos e as estratégias praticadas para a redugao sustentavel dos residuos. No centro desta investigagdo
estd o reconhecimento dos enormes desafios colocados pelos residuos sélidos urbanos e pelos residuos
alimentares nos dominios econdmico, ambiental e social. Esta investigacdo disseca meticulosamente os
paradigmas de gestdo de residuos prevalecentes, defendendo simultaneamente uma abordagem mais coesa
e integrada. Em particular, destaca o papel central da minimiza¢ao do desperdicio alimentar e de modelos
robustos de previsdo da procura no sector dos servigos alimentares, apelando a um esforco concertado entre
a investigac@o e as comunidades politicas. Através da utilizagdo de vérias andlises quantitativas, esta tese
traca um rumo para praticas sustentdveis de reducdo de residuos, com o objetivo de colmatar a lacuna entre
os conhecimentos académicos e a implementacao pratica de politicas.

Palavras-chave: Similaridade de cosseno, Andlise de Dados, Previsdo da Procura, Servi¢os de Restau-
racdo, Desperdicio Alimentar, Andlise de Frequéncia, Latent Dirichlet Allocation, Machine Learning, Resi-
duos Solidos Urbanos, Andlise Quantitativa, Sustentabilidade, Revisdo Sistemadtica da Literatura, Extragao
de Texto, Modelacao de Tépicos, Reducdo de Residuos.
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CHAPTER 1 -

Introduction

The present chapter aims to contextualise the problems the thesis covers. The chapter starts with Section
1.1, presenting the motivation to cover municipal solid waste and food waste, while Section 1.2 introduces
the research goals of the thesis. Section 1.3 identifies the main contributions of this work, and Section 1.4

presents how the thesis is organized.

1.1 Motivation

More than 2 billion tons of Municipal Solid Waste (MSW) is estimated to be produced each year,
with this number growing to 3.40 billion tons per year in the next three decades (World Bank,
2021). This corresponds to all waste produced in urban areas, from mega-cities to small towns
(Diaz-Barriga-Fernandez et al., 2018). Although its exact composition changes depending on
the environment in which it is generated, i.e. the content changes from city to city (Adhikari
et al., 2018; Ayeleru et al., 2018; Sondh et al., 2022), its maladies are universal. Considering
its enormous volume, its consequences ripple through the economic, environmental, and social
spheres (Gao et al., 2021; Girotto et al., 2015; Kamble et al., 2020).

These consequences will only increase as MSW is highly correlated with the size of the world’s
population, which is estimated to continue growing (Markande et al., 2021; Chew et al., 2019;
Przydatek and Kanownik, 2019). This is also confirmed by the World Bank, which predicts a 70
% increase in MSW over the next three decades (World Bank, 2021). Thus, the MSW problem has
naturally attracted the attention of the European Commission and other international organizations
(The European Commission, 2003; Mazzanti and Zoboli, 2008).

At the forefront of addressing the challenges MSW poses is the crucial role of policymakers
and governing bodies. Entities such as the European Union and the United Nations wield signifi-
cant tools and resources to formulate and advocate for measures aimed at mitigating the effects of
the blooming MSW generation and waste production in general. These tools and resources appear
in the form of: regulations and policies; economic instruments; education and awareness cam-
paigns; research and development; and international cooperation (European Commission, 2021;
United Nations Environment Programme, 2021). However, understanding policymakers’ key ini-
tiatives and objectives is paramount to understanding strategies aimed at reducing MSW and its

adverse effects.



Extensive studies have delved into the realm of policies and legal norms regarding waste man-
agement, with some focusing on qualitative assessments (Giordano et al., 2020; Thyberg and Ton-
jes, 2016). In contrast, others adopt quantitative methodologies (Yue et al., 2021; Shirota et al.,
2016) to discern prevalent themes within policy documents. However, there is a significant gap
in understanding the underlying themes of projects funded by the EU budget and the relationship
between the objectives of these projects and those addressed in the scientific literature. This gap
highlights the need to analyze the harmony between the policymakers’ goals and the scientific
efforts to address the challenges MSW poses.

A way to deal with MSW is to segment and tackle a portion of it, targeting the actions that need
to be taken. Taking MSW as a whole, its most significant slice is organic waste, with its majority
being Food Waste (FW) (Gu et al., 2017; Ayeleru et al., 2018; Shapiro-Bengtsen et al., 2020). In
relative terms, this means that 50 % of all MSW is FW (FAO, 2011). Therefore, focusing on FW
is a solid starting point for mitigating MSW (Beheshti and Heydari, 2023; Pérez et al., 2023).

With its notorious status, FW is also a mature field in the literature. In fact, there are two
main branches concerning FW, i.e., quantitative and qualitative. The former is concerned with
quantifying and sometimes identifying the content of FW (Dhir et al., 2020; Pirani and Arafat,
2016; Filimonau and De Coteau, 2019), while the latter generally aims to find the drivers of FW,
understand how to avoid it and better allocate the waste produced (Dhir et al., 2020; Canali et al.,
2017; Hebrok and Boks, 2017). Of these two branches, the quantitative branch is responsible for
presenting the quantitative methods that allow FW reduction. However, the reviews of this branch
do not provide a detailed picture of the methods and data used in the different studies or their
results. In addition, they address only the descriptive dimension of the analysis, neglecting the
potential of predictive and prescriptive approaches.

Also, it is essential to continue to develop predictive approaches to support the decision-
making of food catering services, mainly considering that the common cause for FW generation
is food overproduction that comes from poor demand forecasts (Filimonau and De Coteau, 2019;
Parfitt et al., 2010; Pirani and Arafat, 2016). Moreover, most hospitality companies cook 10 %
more food than they need to avoid stockouts because they do not trust the accuracy of their fore-
casts (Pirani and Arafat, 2016). Hence, better and more accurate forecast approaches are more
suited to fight against FW generation.



1.2 Research goals

This thesis appears as a top-down view of MSW, exploring the field, understanding its various
nuances, and motivating its minimization. This is done by first analyzing the field of MSW in
two different spheres - the scientific literature and the projects funded by the EU - to understand
better the core themes addressed by both. Then, the focus is put on FW, the largest part of MSW.
From there, the quantitative branch of FW is studied, and a tool capable of helping reduce FW

generation is developed.

The management of MSW is of great importance as its volume is expected to increase every
year. Given its economic, environmental, and social consequences, it is imperative to fight for the
minimization of MSW. This can be done in two ways. On the one hand, by better understanding
MSW and identifying solutions that minimize its largest consequences. On the other hand, by
managing the contents of MSW in a way that minimizes their generation. Considering the above,

three specific research objectives were developed and are presented below.

The first research goal is to capture the main themes explored in the field of MSW with respect
to the scientific community and the projects funded by the EU and understand how the two are
related. This consists of identifying the main topics and the overarching themes explored in each

of the two mentioned spheres, as well as investigating the similarities between them.

The second research goal focuses on exploring the quantitative branch of FW in the literature.
The goal is to focus on the three types of analytics - descriptive, predictive, and prescriptive - and

to extract and summarize the most relevant features of the quantitative studies.

The third research objective is to develop a future demand forecasting model capable of
informing food catering services managers. These predictions should aid short-term decision-

making and reduce FW by motivating better provisioning.

To achieve the mentioned goals, two quantitative and one qualitative approaches are taken. To
extract the main themes of MSW presented by the scientific community and EU-funded projects,
two Latent Dirichlet Allocation (LDA) models were employed. The results of both were compared
to investigate their similarities and differences, with the cosine measure being used to quantify

their similarity.

Then, a systematic literature review was performed based on the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) statement methodology to explore the quan-
titative branch of FW. Different keywords were used to extract relevant articles from different

databases, and eligibility criteria were also defined to help filter the relevant articles.

Focusing on FW, four different machine learning algorithms were applied to perform future
food demand forecasting: Random Forests (RF), Long Short-Term Memory (LSTM) neural net-
works, Light Gradient Boosting Machines (LightGBM), and transformer neural networks. The
results of these four algorithms were also compared to a baseline model designed to mimic how

food catering service operators typically estimate future demand.



1.3 Main contributions

The response to the previously defined research goals aims to complement existing knowledge in
the scientific community and advance current research. The contributions and the data collection
process of each chapter are presented in the following paragraphs. In addition, a comprehensive

description is also present in their corresponding chapter.

Chapter 3 presents a detailed analysis of the MSW field, taking into account both the scientific
community and the projects funded by the EU simultaneously. It takes a novel approach to pol-
icy analysis by employing an LDA model and complementing it further with a cosine similarity
analysis. It leverages over 25,000 scientific papers and 140 funded projects from 1983 to 2022 to
extract 30 and 25 topics, respectively. The topics are then grouped into broader themes to provide
a better overview of what has been addressed in the two spheres. Then, a comparison between the
two spheres is performed to understand if the topics addressed by the scientific community are the
same as the ones tackled by the projects funded by the EU, or if the EU-funded projects tend to
favor specific domains.

In Chapter 4, a systematic literature review is performed, considering the quantitative branch
of the literature on FW, based on the PRISMA statement methodology. A set of keywords was
defined, and 499 unique papers were extracted from the Elsevier SCOPUS and Web of Science
databases. Of these, 65 papers were considered and classified according to the analysis performed,
i.e. descriptive, predictive, and/or prescriptive. Key characteristics were extracted for each paper,
and other general conclusions such as the most popular analyses, settings, and methods were used.
This chapter contributes to the literature by providing a critical analysis of the field, highlighting

areas for improvement and guiding future research.

Chapter 5 presents a set of forecasting models that can reliably assist food service decision-
makers in reducing FW generation. The developed future demand forecast models include two
causal models - one based on an RF algorithm and the other based on a LightGBM algorithm -
and two-time series models - one based on an LSTM neural network and the other based on a
transformer neural network. These were trained, validated, and tested in three different settings:
two school canteens and a company canteen. A baseline was then developed to reflect the process
typically used by food catering services to estimate future demand. The added value of reliable
predictions is quantified by comparing the predictions of the developed models with the predic-
tions of a baseline. In fact, this methodology allows food catering service managers to measure
the amount of FW that could have been avoided, while also quantifying the number of additional

meals that could have been served with the support of the models proposed.

1.4 Thesis outline

In addition to this chapter, this thesis consists of five other chapters. Chapter 2 acts as an introduc-

tory contextualization, providing an explanation of terms and other aspects for a more seamless



reading. Various literature reviews have been considered for a better exposition of the relevant
issues, going into detail on both MSW and FW characteristics.

Chapters 3, 4, and 5 refer to the studies that are committed to the previously defined research
goals and contributions. These studies have been submitted to prestigious journals with the aim of
contributing to and complementing the existing work in the scientific community. The work pre-
sented in Chapter 5 has already been accepted and published in the Journal of Cleaner Production.

Finally, Chapter 6 raises the main conclusions of this thesis, going through the contributions
that it has produced, as well as the limitations that have been faced. In addition, possible future

research is considered, discussing possible paths for it.






CHAPTER 2 -

Challenges and trends in municipal
solid waste

This chapter presents a comprehensive contextualization, introducing the issues related to MSW and its
content. It highlights the most discussed domains of MSW, alluding to the seriousness of MSW in the past,
present, and near future. This chapter also comprehensively explains its current status, typical composition,
and innovative approaches to minimize its impact. In addition, relevance is also given to FW since it is a

large portion of MSW.

2.1 Introduction

“Waste” can be defined as “an object the holder discards, intends to discard or is required to
discard” according to the European Union, under the Waste Framework Directive 2008/98/EC,
Article 3(1) (European Union, 2008).

Waste can also be classified according to its form and origin. In terms of its form, waste can
be liquid, solid, or gaseous (Taylor and Allen, 2006), with solid waste being the most popular of
the three. Solid waste can refer to any unwanted, discarded, or disposed material (garbage, refuse,
or trash) that results from daily activities of the community and includes domestic, commercial,
and industrial waste (Sreedevi, 2015; Girish et al., 2019).

Concerning its origin, waste can be classified as municipal, industrial, construction and de-
molition, mining, and agricultural (Environment Agency, 2014; European Environment Agency,
2004). Considering both the form and origin of the waste, MSW is the broadest and most notori-
ous (Tian et al., 2012), being produced in massive quantities and leading to severe consequences
(Diaz-Barriga-Fernandez et al., 2018).

MSW can be referred to as commercial and domestic wastes (in a solid or semi-solid form)
generated in municipal or notified areas by various society activities (Hiremath and Goel, 2017;
Girish et al., 2019). MSW includes organic and inorganic treated bio-medical waste but excludes
industrial hazardous waste.

The composition of MSW is highly diverse, as it is generated by households (Chu et al.,
2016; Fadhullah et al., 2022), schools (Ugwu et al., 2020), and commercial establishments (offices,
hotels and shops) (Economic & Social Commission for Asia & the Pacific, 2000). Since the
proportion of the materials found in MSW fluctuates not only over time but also across different

geographical locations, its exact characterization becomes difficult (Yang et al., 2018; Sondh et al.,



2022; Adhikari et al., 2018). Nevertheless, its most significant portion usually corresponds to
organic waste, which in turn is mainly composed of FW (Gu et al., 2017; Ayeleru et al., 2018;
Shapiro-Bengtsen et al., 2020).

2.2 Global perspective on MSW

MSW is the waste generated in urban areas, ranging from megacities to small towns (Diaz-Barriga-
Fernandez et al., 2018). According to the World Bank, it is estimated that approximately 2.01
billion tons of MSW are generated annually worldwide, with this number increasing to 3.40 bil-
lion tons per year by 2050 (World Bank, 2021). Given that the problems caused by MSW are
already alarming (The European Commission, 2003; Mazzanti and Zoboli, 2008), the expected
70 % increase in the amount produced over the next three decades will only exacerbate existing
problems.

In addition to the World Bank’s estimates, other studies also support the growth of MSW in
the coming years. This is the case of the following two studies that analyze MSW in India. The
estimation of Ramachandra et al. (2018) suggests an increase of MSW by 1.33 % per year, which
means an increase of more than 5,000 % in 30 years, while Joshi and Ahmed (2016) states that
MSW would increase by about 300 % between 2021 and 2051.

The countries that generated more MSW in 2020 were the USA, China, India, Brazil, and
Indonesia, with estimates for 2050 putting China well ahead of any other country (Nanda and
Berruti, 2021). This is consistent with the commonly reported correlation between population
growth and MSW generation (Vyas et al., 2022; Markande et al., 2021), with many papers pointing
to India and especially China as the main contributors to current and future MSW generation (Liu
and wu Wu, 2011; Singh et al., 2011).

MSW has serious environmental, economic, and social consequences (Istrate et al., 2020;
Shindhal et al., 2021; Xiao et al., 2020). Of the three, environmental problems are the most
notorious (Shah et al., 2021; Khoiron et al., 2020b; Vaverkova et al., 2018), usually related to
sustainability issues (Iyamu et al., 2020) and highlighting air, soil, and water pollution (Khoiron
et al., 2020a).

Air pollution is usually caused by greenhouse gases (Rajaeifar et al., 2017) that come from the
disposal of non-hazardous waste through incinerators and burners (U.S. Environmental Protection
Agency, 2023). In contrast, soil pollution is a product of landfill contamination (Nanda, 2011),
and water pollution comes from groundwater contamination (Al-Salem et al., 2017). Nevertheless,
their origin usually comes from the mismanagement of residuals (Ramachandra et al., 2018), with
landfills being the place where the pollution/contamination occurs (Shen et al., 2015).

The economic consequences of MSW revolve around the cost of maintaining landfills, which
includes the cost of dealing with waste in general (Guoyan et al., 2022). Although both have costs,
a waste-to-energy system is more expensive than a resource recovery system (Liang et al., 2022).

In addition, MSW also has consequences for the overall well-being of the population. Some

specific consequences are: 1) adverse public health effects on the population such as skin, eye, and



nasal irritation, allergies, and a non-zero risk of cancer (Khoiron et al., 2020a); 2) an increased
risk of mortality and respiratory diseases, and adverse mental health effects (Vinti et al., 2021);
and 3) serious health problems caused by diseases spread by insects and pests that come from the
natural decomposition process of organic waste (Sharholy et al., 2008).

Nevertheless, these are all interrelated, and the mismanagement of landfills leads to a cascade
of consequences. Landfills, as places where waste is stored and managed after it has been col-
lected, are at the heart of waste management (Renou et al., 2008; Kjeldsen et al., 2002) where
waste left unattended in them contaminates the soil (environmental consequence) and contributes
to the deterioration of public health (social consequence). Hence, tackling the consequences of
MSW becomes an arduous process with many moving parts, where addressing one problem does
not necessarily solve another (Filimonau and De Coteau, 2019).

In the field of MSW, a lot of attention is given to waste management, with a significant focus
on landfills, although most of them are not adequately managed (Sharholy et al., 2008). Nonethe-
less, this is just one of the destinations that MSW can have. More specifically, MSW can have
three different fates: 1) disposal of the waste while it decomposes naturally and passively; 2) in-
cineration, usually of non-hazardous waste only; and 3) extraction of value from the waste through
recycling and energy conversion.

The first option is the least desirable because it creates the worst problems. Although the
incineration of waste is a better option than the previous, it is also not the best one (Abdel-Shafy
and Mansour, 2018a). On the one hand, it significantly reduces the volume and mass of waste,
completely disinfecting it (Li et al., 2003). On the other hand, it is a costly process that produces
toxic emissions (Zhang et al., 2010).

Extracting value from waste is then the most desirable option. It minimizes toxic emissions,
reduces the mass and volume of waste in landfills, and is a cheaper process. This, in turn, can be
achieved through recycling and waste-to-energy, both of which promote circular economy (Sid-
dique et al., 2008; Sharholy et al., 2008; Abdel-Shafy and Mansour, 2018a). Recycling bene-
fits agricultural activities and allows waste transformation into other materials (Abdel-Shafy and
Mansour, 2018b). At the same time, waste-to-energy methods work with waste, typically organic
waste, to turn it into a source of energy (Zhao et al., 2014; Cheng and Hu, 2010).

Despite the desirability of extracting value from waste, issues around landfills are usually the
responsibility of government agencies or similar organizations (United Nations Development Pro-
gramme (UNDP), 2016; World Bank Group, 2018). Thus, despite the findings and statements of
the scientific community, there is no indication that the former support the policymakers’ decision
process, making it crucial to understand whether the issues and topics brought up by the scientific
community and policymakers are coordinated.

Work on policy analysis includes both quantitative and qualitative approaches (Mayer et al.,
2004) and examines a range of policies covering diverse areas such as climate change (Clark
et al., 2016), migration (Castles, 2004), public health (Wing et al., 2018), renewable energies (Lo,
2014), biodiversity (Kleijn and Sutherland, 2003), food waste (Giordano et al., 2020; Thyberg and
Tonjes, 2016), and monetary policies (Shirota et al., 2016). Although these analyses usually focus
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only on the policies themselves, some papers directly compare them with other research, as in the
case of Yue et al. (2021). While policy analysis extensively covers various domains using diverse
methodologies, its application within the realm of MSW remains notably scattered. There is a lack
of studies employing this analytical approach specifically within the context of MSW.

The EU is one of the larger organizations with the power to implement changes in MSW
management. In fact, the EU has recognized MSW as a significant policy concern for many years
(The European Commission, 2003; Mazzanti and Zoboli, 2008). There are studies in the literature
that specifically address EU policies. Some provide a comprehensive overview of EU policy-
making, focusing on the impact of recent expansions and economic crises (Wallace and Wallace,
1998; Cram, 2020). In contrast, others analyze the progress of the policies of the EU as a whole
(Versluis et al., 2010; Pattyn et al., 2018). In addition, some works specify a domain of policies,
such as circular economy (Friant et al., 2021), water management (Hering et al., 2010), agriculture
(Barnes et al., 2019).

2.3 Food waste analysis

To minimize MSW, it is of utmost importance to understand its contents. MSW is composed
of different types of materials. Some of these are ceramics, rubber, leather, wood, metal, glass,
textiles, paper, plastics, food waste, clothing, disposable tableware, garden waste, and cans, among
many others (Gu et al., 2017; Ayeleru et al., 2018; Zhu et al., 2020). Although the composition of
MSW varies through time and location, there is a tendency for organic waste to make up the most
significant portion.

The work of (Karak et al., 2012) analyzed several EU countries and presented the percentage
of the physical composition of MSW in each of them in different years. Figure 2.1 shows the per-
centage of organic waste over time. In some years, more than one country reported its percentage

of organic waste. In these cases, the maximum and minimum values are given instead.
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Figure 2.1: Minimum and maximum amounts of organic Waste (%) per year (Source: Karak et al.
(2012))
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Following the values presented by Karak et al. (2012), it can be seen that organic waste fluc-
tuates between 25 and 48 % of MSW. Other works that provide the percentage of organic waste
in MSW are Ugwu et al. (2020), which presents between 13.49 and 48.01 % in 2018. Consider-
ing the amount of FW in organic waste - between 41.3 and 60.2 % (Srivastava and Nema, 2008;
Shapiro-Bengtsen et al., 2020; Gu et al., 2017) - this means that FW makes up the majority of
MSW.

However, FW is a complex term that is sometimes incorrectly used (Thyberg and Tonjes,
2016; Girotto et al., 2015). Throughout the Food Supply Chain (FSC), food is produced, some of
which is not being consumed and is discarded (Do et al., 2021). Depending on the FSC stage, this
discarded food can have two classifications: FW or food loss (FL) (Li et al., 2022). If the waste
occurs at the beginning of the FSC, it is usually called FL. (Feukam Nzudie et al., 2020), while if
it occurs at the end of the FSC, it is called FW (Priefer et al., 2016).

Furthermore, depending on its characteristics and condition, FW can have different classifica-
tions. Depending on its consumable properties, FW can be edible or inedible (Teigiserova et al.,
2020a). Edible FW can be a product of incorrectly prepared food, expired date products, overpro-
duction, food left from buffets, and leftover food from customers on the plate. At the same time,
inedible FW can correspond to inedible parts of vegetables and bones (Silvennoinen et al., 2015).

FW can also be addressed as avoidable and unavoidable (Shaw et al., 2018). Avoidable FW
refers to both discarded food that could have been eaten and food that went bad, while unavoidable
refers to waste such as inedible peels and bones (Schott and Andersson, 2015). In addition, food
that only some people eat, such as bread crusts, or that can only be eaten when prepared in a
certain way, such as potato skins, can also be classified as possibly avoidable FW (Parfitt et al.,
2010). These two types of classifications tend to overlap, with avoidable FW being edible and
unavoidable FW being inedible.

By definition, edible/avoidable FW is worse than its counterpart because it represents food that
could have been consumed. Although most studies do not quantify the proportion of avoidable FW
(Pirani and Arafat, 2016), some reports show that up to 56 % of FW in households is avoidable
(Edjabou et al., 2016), confirming the problematic nature of FW.

Regardless of its categorization, several different drivers can lead to the generation of FW.
Although the exact number may vary, the identified drivers are somewhat consistent across studies.
In general terms, it is accepted that social-demographic characteristics play a role in generating
FW (Chia et al., 2023; Vittuari et al., 2023; Aloysius et al., 2023).

In terms of FW generated in households, the perception, awareness, and attitude of consumers
towards FW are also influential (Diana et al., 2023), as well as how they deal with leftovers (Stancu
et al., 2016), and their interaction with activities related to planning, shopping, storing, prepar-
ing and consuming food (Pearson and Minehan, 2013). Essentially, the study of consumer-level
drivers is classified as behavioral studies that focus on understanding consumers’ attitudes and, by
extension, household members (Stancu et al., 2016; dos Santos et al., 2022).

Regarding the FW generated in the food services sector, this sector tends to overproduce and

oversupply due to inaccurate forecasts (Filimonau and De Coteau, 2019; Parfitt et al., 2010; Pi-
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rani and Arafat, 2016). These inaccuracies usually result from rudimentary methods that cannot
encompass the complexity and unpredictability nature of demand in the field. In addition, there
are also other notable drivers of FW generation, such as portion size of the dish, menu variety,
production process, and the use of pre-prepared foods (instead of whole foods) (Dhir et al., 2020).
Overall, the drivers of FW can be classified into technological, institutional (business management
and economics, and legislation and policy), and social (Canali et al., 2017).

Understanding the drivers behind FW is crucial due to the variety of problems it causes. Iden-
tifying the primary drivers of FW generation enables proactive measures to be taken to address its
consequential impacts. These negatively impact the environmental, social, and economic spheres,
manifesting through greenhouse gas emissions, global challenges to food security, and the substan-
tial costs associated with wasted food (Gao et al., 2021; Beheshti et al., 2022). These problems
are exacerbated the later the FW occurs in the FSC as food may have already been processed,
packaged, stored, and even distributed (San Martin et al., 2021; Mosna et al., 2016). For this
reason, developed countries are more harmful, as they have higher FW rates while developing
countries have higher FL rates (Girotto et al., 2015; Parfitt et al., 2010). In any case, the food
wasted throughout the FSC is usually not addressed as a multidimensional dilemma, as looking at
it as an environmental and sustainability issue is quite different from looking at it as an economic
and management issue (Filimonau and De Coteau, 2019).

Considering all this, it becomes even more imperative to minimize the issues raised by the FW
generation. The options to achieve this are, from most to least desirable, prevention, preparation
for reuse, recycling, recovery, and disposal (European Commission, 2021; Papargyropoulou et al.,
2014). Therefore, priority should be given to preventive methods to avoid the generation of FW in
the first place, while all other options focus on managing existing waste.

Notwithstanding, methods to reuse, recycle, and recover FW can be seen as circular economy-
driven (Teigiserova et al., 2020b) as they focus on transforming and extracting value from FW
(Siddique et al., 2008; Sharholy et al., 2008; Abdel-Shafy and Mansour, 2018a). For instance, a
common approach is a waste-to-energy conversion, namely by producing biofuel and other deriva-
tives (Zhao et al., 2014).

Notwithstanding, technological solutions, and food redistribution and recovery strategies also
contribute to preventing and minimizing the impact of FW on society. Technological solutions may
be relevant, such as packaging technologies (e.g., innovative packaging, biodegradable materials)
(Poyatos-Racionero et al., 2018; Brennan et al., 2021) and apps that help consumers manage their
food inventory and waste (Liegeard and Manning, 2020).

In order to prevent the generation of FW, it is important to understand not only why it hap-
pens but also its characteristics for the setting that is being studied to devise appropriate strategies.
Some studies quantify and report the amounts of FW reported in different settings (Filimonau
and De Coteau, 2019; Dhir et al., 2020). However, the number of studies is insufficient to pro-
vide significant insight and generalization since they are recorded in different settings, locations,
and periods of time. Not only that, the way in which the amounts of FW are presented is also

usually not consistent across studies. For example, some studies show the amount of FW as an
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absolute quantity (Malefors et al., 2022; Pirani and Arafat, 2016), while others present the amount
of FW as a portion of the meals served or food produced (Conrad et al., 2018; Kandemir et al.,
2022). Additionally, the amount of FW recorded can also be presented as total amounts or per
meal/individual.

Despite all this, there are a few cases where enough information is given to compute values for
comparisons, such as disclosing the number of individuals, time horizon, and total amount of food
produced. For instance, Thanh et al. (2010) records the amount of FW per household for over a
month, which translates into an estimate of over 6 tons of FW per year, or over 60kg of FW per
year per person, while Adelodun and Choi (2020) presents the amount of FW in Korea to be over
4 million tons or over 180kg per person.

After understanding the massive amounts of FW produced in food services, it is necessary
to invest in preventive measures to reduce the amount of FW produced. In turn, these preven-
tive measures should focus on addressing the main drivers of FW generation. In the hospitality
sector, FW is typically a byproduct of overproduction (Filimonau and De Coteau, 2019; Parfitt
et al., 2010; Pirani and Arafat, 2016). Since companies do not have robust forecasting systems,
they cannot rely on their forecasts. There are even reported cases where companies, due to their
unreliable forecasts and to avoid stock-outs, choose to cook 10 % above their estimates (Pirani and
Arafat, 2016). Thus, overproduction and overprovision seem to be a fundamental problem to be
solved (Principato et al., 2021; Felix, 2018; Carbonneau et al., 2008). To this effect, more robust
and reliable demand forecasting systems are needed (Aamer et al., 2021), where a reduction in
forecasting error can also lead to higher revenues (Pereira and Cerqueira, 2021).

Although there are many areas where overproduction and overprovision occur, such as retail
and households (Salinas et al., 2020; Kandemir et al., 2020), studies usually focus on the hospital-
ity / HoReCa sector. In this area, most case studies revolve around school and university canteens
that use data with daily periodicity and employ neural networks for their predictions (Faezirad
et al., 2021; Malefors et al., 2021a, 2022). These applications can have a significant impact, re-
ducing the amounts of FW produced by almost 80 % (Faezirad et al., 2021) and costs by 60 %
(Malefors et al., 2021a).

2.4 Conclusion

In essence, this comprehensive contextualization provides a panoramic view of the multifaceted
challenges posed by MSW and the pivotal role of FW within this landscape. The exploration goes
beyond the historical gravity of MSW issues, underlining their persistence and amplification in
current times, along with future estimations. Identifying the contents of MSW, its contributors,
and its consequential impacts highlights the urgency of addressing this prevalent issue. At the
same time, the attention directed towards FW, a substantial component of MSW, accentuates its
diverse facets, drivers, and the necessity for appropriate strategies in its management. The lack of
standardization in quantifying FW in various settings emphasises the complexity of this type of

waste and the challenges in devising uniform approaches to its mitigation.
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Furthermore, the clarity of the relationship between poor forecasts and FW generation high-
lights a critical link often overlooked in the discourse on waste management. By identifying
reliable demand forecasting as a potential solution to mitigate FW, this contextualization sets the
stage for innovative approaches to waste reduction. The integration of MSW and FW research
within this chapter converges toward identifying optimal strategies to grasp these interconnected
waste streams. This comprehensive understanding, which encompasses the historical, present, and
foreseeable dimensions of MSW and FW, lays a solid foundation for the following exploration and
analysis within this thesis.

In summation, this chapter not only delineates the severity of the MSW issues and the promi-
nence of FW within it but also paves the way for a refined exploration of strategies, emphasizing
the critical need for cohesive and suitable approaches in addressing these pressing waste manage-

ment challenges.



CHAPTER 3 -

Municipal Solid Waste: Topic Modeling
and Content Analysis

Municipal solid waste (MSW) is a very significant contemporary issue that poses monumental economic,
environmental, and social challenges. To address these challenges sustainably, it is essential to first identify
and analyze the prevalent themes, patterns, and emerging trends in this domain. In this context, advanced
text analysis can help reveal the topics related to MSW that have been addressed by the scientific community
and by policymakers through funded projects. Thus, by examining and comparing the content that has been
produced by both spheres, this chapter aims to clarify what have been the concerns of the former in relation
to the priorities of the latter in terms of reducing MSW and whether they are aligned. To achieve this,
the frequency of the most popular terms in the corpora of both mentioned spheres was analyzed. Then,
two latent Dirichlet allocation (LDA) models were developed to extract the most relevant topics from both
corpora. Furthermore, this analysis was complemented with a quantitative estimation of the similarity
between the two corpora. The findings of this work suggest that the two spheres are aligned, with the
scientific community being a very mature actor in the field, exploring a wide variety of issues on MSW over
the years. Furthermore, the popularity of the topics extracted from the European Union-funded projects
fluctuated significantly over time. This shows how priorities change to accommodate the actions needed to
minimize MSW at any given time. Finally, the projects funded by the European Union were found to have

a clear tendency to deal with biowaste and waste management processes.

3.1 Introduction

There are several types of waste and each type has unique features and consequences that vary
according to how, when, and where it was generated. The four main universal types of waste are
municipal solid waste (MSW), industrial solid waste, medical waste, and construction waste (Hou
et al., 2012; Tian et al., 2012). MSW consists of waste that is generated in urban areas, which
can range from megacities to small towns (Diaz-Barriga-Fernandez et al., 2018), and is the most
significant out of the four types. Every year, it alone represents 2.01 billion tonnes of generated
waste (World Bank, 2021).

MSW can be divided into institutional, domestic, and commercial waste (Mukherjee et al.,
2020; Joseph and Prasad, 2020; Ravi et al., 2020). It is produced by households, offices, hotels,
shops, schools, and other institutions (Economic & Social Commission for Asia & the Pacific,
2000). Examples of MSW include ceramics, rubber, leather, wood, metal, glass, textiles, paper,

plastics, food, clothing, disposable tableware, yard trimmings, and cans (Gu et al., 2017; Adhikari
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etal., 2018; Ayeleru et al., 2018; Sondh et al., 2022). Although the composition of MSW depends
on the context in which it is produced and collected, it is mainly composed of organic waste, which
in turn consists mostly of food waste (Gu et al., 2017; Ayeleru et al., 2018; Shapiro-Bengtsen et al.,
2020).

All of this waste generation, but in particular MSW generation, leads to severe environmental,
social, and economic issues (Gao et al., 2021; Girotto et al., 2015; Kamble et al., 2020; Filimonau
and De Coteau, 2019). Furthermore, MSW is highly correlated with the number of people in the
world, which is constantly increasing (Vyas et al., 2022; Markande et al., 2021; Chew et al., 2019;
Przydatek and Kanownik, 2019). This means that the amount of MSW is also increasing, and its
consequences are becoming more severe. Moreover, the amount of MSW is expected to increase
by around 70% in the next 30 years (World Bank, 2021). Therefore, it is increasingly important to

develop measures to reduce MSW generation.

MSW has become such a large problem that the European Commission has recognized it as a
major concern and area of policy focus (The European Commission, 2003; Mazzanti and Zoboli,
2008). The European Union (EU) has been a major supporter of numerous projects in a wide range
of fields, including MSW, promoting advances in technology, innovation, sustainability, health,
and social sciences. As the EU continues to fund research and development initiatives related to
MSW, it becomes relevant to understand whether the scientific community and EU policymakers
are aligned and pushing toward similar goals in the context of EU-funded projects, or if there is

some type of misalignment regarding some specific dimensions of MSW.

Thus, in the present work, a text mining approach is proposed to face this challenge. The
first step in this approach is to perform a separate frequency analysis on two different spheres:
EU-funded projects and scientific research. Then, the second step is to extract the topics that best
characterize each of these spheres by using latent Dirichlet allocation (LDA). The main objective
is to identify the similarities between these two spheres, focusing on the themes that both parties
deem crucial while also highlighting any research gaps that the scientific community is working on
and the issues that policymakers prioritize in their funding decisions. A quantitative approach that
considers the content of the analyzed documents is also proposed with the goal of computing the
similarities between the themes addressed by the EU-funded projects and the work being carried

out within the scientific community.

The contributions of the present chapter should be manifold. First, the results obtained should
be able to guide future research in two different ways. On the one hand, they should help re-
searchers in addressing real-world challenges and contributing more directly to policymaking.
On the other hand, future research could focus on issues that are found to be under-researched but
highly funded. Additionally, the present work should provide insights into the strengths and limita-
tions of the EU funding landscape and research community and thus motivate further joint efforts.
Ultimately, the purpose of the present work is to enable the refinement of strategic decision-making
processes within the EU funding landscape, allowing a more focused and synergistic approach to

advancing scientific knowledge and addressing social challenges.
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3.2 Literature review

The topic of MSW is quite mature within the scientific community. Out of the many different
general types of waste, MSW can be considered the most relevant (Tian et al., 2012), since it is
generated in large quantities and has serious consequences (Diaz-Barriga-Fernandez et al., 2018).
The literature on MSW can be divided into three broad themes. The first relates to understanding
the composition of MSW (Renou et al., 2008; Kjeldsen et al., 2002; Kulikowska and Klimiuk,
2008). This includes studying the absolute and relative amounts of content in MSW in different
locations and how its characteristics change depending on the environment where it is generated
(Shapiro-Bengtsen et al., 2020; Gu et al., 2017; Ugwu et al., 2020). Additionally, some studies
focus on analyzing the types of waste that make up MSW (Campuzano and Gonzilez-Martinez,
2016; Karak et al., 2012; Sondh et al., 2022).

The second major theme in the MSW literature concerns how to manage MSW and how to
extract value from it (Al-Salem et al., 2009; Sanchez, 2009; Mao et al., 2015). There are two main
research directions within this theme. The first is waste valorization, where value is extracted
from existing MSW by recycling some of its components, thus reusing resources and contributing
to the circular economy (Siddique et al., 2008; Sharholy et al., 2008; Abdel-Shafy and Mansour,
2018a). A very specific but mature approach to this is waste-to-energy conversion, wherein MSW
is converted into energy (Ramos et al., 2018; Chand Malav et al., 2020; Scarlat et al., 2019).
Usually, this process uses biomass to produce biofuel and other derivatives (Zhao et al., 2014).

The second research direction within waste management is the disposal of existing waste
(Abdel-Shafy and Mansour, 2018a; Zhang et al., 2010; Zacarias-Farah and Geyer-Allély, 2003).
This usually happens in landfills (Renou et al., 2008; Kjeldsen et al., 2002), causing several is-
sues related to hazardous substances, waste streams, and chemical releases, which have also been
explored in the literature (Abdel-Shafy and Mansour, 2017; Abdel-Shafy, 2015; Blundell, 2004).
Other disposal processes explored in the literature include waste collection (Troschinetz and Mi-
helcic, 2009; Rowe, 2005) and incineration (Cherubini et al., 2009; Cheng and Hu, 2010; McKay,
2002).

The third and last major theme in the MSW literature concerns the consequences of MSW
generation. Most of the studies in the literature mention these consequences, even if they are not
their main focus. These consequences are generally classified as economic, environmental, and
social (Istrate et al., 2020; Shindhal et al., 2021; Xiao et al., 2020). Out of these three, most studies
focus on the environmental consequences (Shah et al., 2021; Khoiron et al., 2020b; Vaverkova
et al., 2018), which are deeply connected with sustainability issues (Iyamu et al., 2020).

Overall, the problem of MSW generation has interested not only the scientific community but
also policymakers. More specifically, the EU has, for many years, acknowledged MSW generation
as a significant concern and area of policy focus (The European Commission, 2003; Mazzanti and
Zoboli, 2008). However, there is no indication that the scientific community and EU policymakers
are aligned within this topic. It is therefore crucial to understand if the issues and topics studied

by the scientific community are aligned with the EU-funded projects. This information is key for
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both spheres to continue to develop further.

The scientific community has published many articles on the topic of MSW, making it ex-
tremely hard to cover all the content. Thus, applying topic modeling to these scientific articles to
extract intrinsic knowledge from them is a reasonable option (Blei and McAuliffe, 2008). One of
the most commonly adopted and well-known topic modeling methods is LDA (Blei et al., 2003).
LDA enables the identification of topics covered in text documents and determines the terms that
best encapsulate each topic (Maier et al., 2018).

The application of LDA is well-documented, appearing in a panoply of different reviews that
tackle distinct subjects, such as sustainability (D’Amato et al., 2017; Bickel, 2019; Wu et al.,
2021a), health (Shatte et al., 2019; Zhang et al., 2017), virtual reality (Loureiro et al., 2019),
quality management (Sédnchez-Franco et al., 2023), service quality (Korfiatis et al., 2019), and even
coronaviruses (Tran et al., 2020). In addition, LDA has been widely used to perform sentiment
analysis (Guo et al., 2017; Mintyli et al., 2018; Wu et al., 2021b).

Conversely, the use of LDA to perform policy analysis is less popular, with only a few studies
covering this approach. One such example is the work of Yue et al. (2021), who used LDA to
analyze 115 coal-related policy planning documents issued by Chinese authorities and 4,019 titles
of coal-related research projects, extracting 12 and 30 topics, respectively. Another exception is
the work of Shirota et al. (2016), who studied the Bank of Japan’s monetary policy in 1998. There
are also papers on the study of policies that did not use LDA (Giordano et al., 2020; Thyberg and
Tonjes, 2016). However, to the best of the authors’ knowledge, no studies in the field of MSW
have used LDA to analyze EU-funded projects.

Hence, the present work provides three major contributions to the literature. First, by analyzing
EU-funded projects in the field of MSW through the use of LDA. Second, by comparing the topics
covered by EU-funded projects with the topics discussed in the scientific literature. And finally,
by employing quantitative methods to estimate the similarity between EU-funded projects and

scientific articles.

3.3 Methodology

In order to identify and compare the topics addressed by the scientific community and EU policy-
makers in the context of EU-funded projects on MSW, two distinct LDA models were developed.
In addition, cosine similarity was used to quantify the similarity of the content produced by each
of these two spheres.

Carrying out the proposed methodology involved gathering the necessary data to be used as
input in the models, preprocessing the data extracted from the texts, deciding the number of topics
to generate, and then analyzing the output. As a complement to the LDA analysis, the cosine
similarity measure was used to determine the similarity of the two spheres of discussion. With
the exception of the first stage, all others were conducted using the R programming language. A
representation of the methodology is shown in Figure 3.1.

The aforementioned stages are described in detail in the following sections.
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Figure 3.1: Visual representation of the methodology adopted

3.3.1 Data collection

The data collection was a two-step process. In the case of the scientific articles, the text data,
i.e., the title, abstract, and author keywords, were extracted from Elsevier’s Scopus database. In
the case of the EU policymakers, it was considered that EU-funded projects corresponded to all
documents with the classification of “project” and “programme”. From these, the title, objective,
and type of program were extracted from the Community Research and Development Information
Service (CORDIS) website.

In both cases, the keywords “municipal solid waste” and its abbreviation “msw” were adopted.
Although the adoption of such a broad concept allied with a reduced number of keywords can
result in a large number of documents at the same time, this was necessary to allow a full review

of the topic from both fronts.

3.3.2 Preprocessing

After extracting the relevant text data, it needs to be preprocessed. This stage involved several
steps, starting with the removal of the entries that did not have complete data. In the case of the
scientific articles, this referred to the title, abstract, and/or author keywords. This was the only
step where the number of documents to be used was reduced.

The following steps focused on the content of the remaining documents and consisted of re-
moving and manipulating the terms contained in them. This included removing words that started
or ended with numbers, replacing “.” and “,” with a space, removing all punctuation and sup-
pressing hyphens between words, removing non-alphanumeric characters, removing words with
two or fewer characters, replacing “municipal solid waste” with “msw”, replacing “ghg” with
“greenhouse gas”, stemming words to a common base, and removing stop words. For the latter,
a set of 1,142 stop words extracted from the “onix”, “SMART”, and “snowball” lexicons were
considered. Additionally, the words “Elsevier”, “Ltd”, “springer”, and “springerverlag” were also
removed. These words appeared often at the end of the abstracts, even though they were not related

to the content, but rather to publishing conditions.



20

3.3.3 Parameter tuning: number of topics

Before performing the LDA analysis, the number of topics to use in each model needs to be
defined. This process is done by estimating one or more performance metrics for a set of values
representing the number of topics to extract. In the literature, this range is usually set to be between
2 and 100 (Karami et al., 2020) or a sub-range of it. For instance, Sutherland and Kiatkawsin
(2020) considered a range of 5 to 75 topics, Chu et al. (2020) considered a range of 20 to 80
topics, and Lee and Yu (2018) considered a range of 15 to 25 topics.

For the present work, a range of 2 to 100 topics was adopted. A model for each possible num-
ber of topics was created and its performance was assessed through four metrics: Griffiths2004,
CaoJuan2009, Arun2010, and Deveaud2014. These metrics were developed by Griffiths and
Steyvers (2004), Cao et al. (2009), Arun et al. (2010), and Deveaud et al. (2014), respectively.
To determine how many topics should be extracted Griffiths2004 and Deveaud2014 should be

maximized, while CaoJuan2009 and Arun2010 should be minimized.

It is normal for the suggested number of topics to differ from metric to metric, as each metric
measures different things. Deveaud2014 measures topic coherence, i.e., the degree of semantic
similarity between the top words in a topic; Griffiths2004 measures perplexity, i.e., how well a
model can predict new data; CaoJuan2009 measures document coherence, i.e., how well a topic
model can group similar documents together; and Arun2010 measures topic exclusivity, i.e., how
distinct each topic is from all other topics in the model (Sarkar et al., 2020).

In addition, when choosing the number of topics to adopt, it is relevant to consider the inter-
pretability of the results (Buenano-Fernandez et al., 2020). In other words, a certain level of topic
readability should be maintained (Debnath and Bardhan, 2020; Chu et al., 2020).

After defining the number of topics to use, the final LDA models were created.

3.3.4 Latent Dirichlet allocation

After preprocessing the data, it became a viable input for the LDA model. LDA models operate as
three-level hierarchical Bayesian models that aim to cluster unlabeled documents into coherent and
representative topics (Blei et al., 2003). At their core, LDA models hypothesize that a collection
of documents (corpus) contains latent themes (topics), with each theme being comprised of terms
found across the documents (Chu et al., 2020).

There are three key steps to generating an LDA model. Initially, the number of topics needs
to be defined, and then a topic has to be assigned to each term in every document. Next, using
the Gibbs sampling algorithm, new topics are assigned to each term iteratively until convergence
is achieved. Finally, the generation of the topic-word co-occurrence frequency matrix summarizes
the learned relationships between topics and words, serving as the finalized LDA model.

As aresult, LDA yields probabilities for words within topics and probabilities for topics within
documents. These probabilities form distributions that enable the identification of the most repre-

sentative words for each topic and assess the likelihood of documents aligning with specific topics
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(Karami et al., 2020). Moreover, LDA facilitates the extraction of prevailing topics across an entire

corpus, offering insights into the dominant themes permeating the collection of documents.

3.3.5 Similarity estimation

To complement the LDA analysis, cosine similarity was used to give a measure of the approxima-
tion between the documents. This method provides a quantitative analysis that can complement
other analyses (Chen et al., 2015; Patra et al., 2020). In fact, some researchers have already used
cosine similarity in conjunction with LDA to achieve a more comprehensive analysis of different
subjects (Lewis and Young, 2019; Blair et al., 2020; Rieger et al., 2021; Ramya et al., 2018).

Cosine similarity is a measure of similarity between two non-zero vectors. It is a mathematical
metric used to determine the cosine of the angle between two vectors and not the magnitude of
the vectors themselves. It ranges from -1 (perfect dissimilarity) to 1 (perfect similarity) (Manning
et al., 2008).

Extending cosine similarity to the field of text translates into measuring the similarity between
the absolute term frequency, or the term frequency—inverse document frequency (TF-IDF) weights
of words, in two or more documents.

Before computing the cosine similarity between the documents in both corpora, the approach
presented by Singh et al. (2013) was followed and the terms that only appeared once in all the doc-
uments combined were removed. This was done to reduce the dimensionality of the feature space.
However, since less frequent words may have more information (Liang et al., 2017), the term
frequency of the documents was transformed into TF-IDF weights. Given the weights adopted,
the cosine similarity could only range from O (decorrelation) to 1 (perfect similarity), since term
frequencies cannot be negative (Jurafsky and Martin, 2020; Salton and McGill, 1986).

The formula used to calculate the cosine similarity is as follows:

A-B

Cosine Similarity (cos(6)) = W 3.1

Wherein the cosine similarity is represented as cos(60), and 6 refers to the angle between the
two vectors being compared. These two vectors are denoted as A and B, and they correspond
to TF-IDF vectors from two documents, where each component of the vector corresponds to a
unique term in those documents. In other words, each of the two vectors refers to two different
documents populated with the TF-IDF of every word present in all documents. A - B is the dot
product of vectors A and B, and |A|-|B| represents the magnitudes or norms of vectors A and B,
respectively.

The cosine similarity analysis explored the degree of similarity within and between two dis-
tinct corpora, this is, between the scientific articles and EU-funded projects. Initially, the similarity
between these corpora was assessed by computing the maximum cosine similarity score between
each scientific article and all EU-funded projects, as well as between each EU-funded project and
all scientific articles. This step allowed the capture of the highest level of similarity between any

pair of documents from different sources.
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Subsequently, the internal consistency of each corpus was examined by determining the max-
imum cosine similarity within each set of documents. Specifically, the maximum similarity value
among scientific articles and among EU-funded projects was estimated. This approach facilitated
the identification of the similarity of the most closely related documents within each corpus inde-
pendently.

By adopting this methodology, the study aimed to comprehensively analyze the similarities
both across and within the scientific articles and EU-funded projects, thereby providing insights

into the thematic coherence and potential intersections between these two fields.

3.3.6 Results and analysis

A frequency analysis was conducted for both corpora, which consisted of extracting the distribu-
tion of the word frequency as a whole, determining the most common words, and representing
them in a word cloud. This provided us with an overview of the corpus properties, such as the
vocabulary diversity of the documents.

Additionally, the topics extracted from both corpora were analyzed. This included naming
every topic according to the most common terms and categorizing sets of topics into broader topic
groups, i.e., the extracted topics corresponded to subgroups of larger clusters. This provided a
good overview of the contents raised by the scientific community and the EU-funded projects.

The frequency of each topic was also considered in the analysis. This information was made
available by comparing the gamma of each topic, i.e., the topic distribution for each document in
the corpus, to the sum of the gammas of every topic. Then, the frequency of the different topics
was grouped according to the topic group they corresponded to.

The similarity of the content generated by the two explored spheres is presented in the next

section.

3.4 Results

In the following subsections, the results obtained from the application of the proposed method-
ology are presented. The nomenclature adopted for the different objects was ’topics’, i.e., latent
themes extracted by the LDA models; ’topic groups’, i.e., a group of topics; and ’corpus’, i.e.,
the documents corresponding to either the scientific articles or the EU-funded projects. A visual

representation of this can be seen in Figure 3.2.

3.4.1 Data collection and preprocessing

The document extraction query was performed in July of 2023. This query yielded 34,689 unique
articles from SCOPUS and 140 EU-funded projects from the CORDIS website. Figure 3.3 shows
how many EU documents are available for each year. Since the time horizon covered by the EU
documents was more limited, the time horizon of the analysis was framed by that period, i.e.,
from 1983 to 2022. This meant that 550 scientific articles were excluded with 34,139 left to use.
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Figure 3.2: Nomenclature

Then, all entries with incomplete data were removed. This resulted in the exclusion of 9,018
scientific articles, leaving us with 25,121. No documents related to the EU-funded projects had to

be excluded since all of the relevant fields were populated.
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Figure 3.3: Number of documents related to MSW per year. The top graph corresponds to scien-
tific community articles, and the bottom graph to the EU-funded projects.

3.4.2 Scientific articles

The first corpus analyzed was the one related to the abstracts of the extracted scientific articles.
The corpus was investigated, presenting its relevant characteristics, followed by the development

of the LDA model to extract its most prominent topics.
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3.4.2.1 Frequency analysis

To improve interpretability, the lemma of the words was used instead of the stem. In other words,
the base or dictionary form of the words was used instead of the part of the words that remains after
removing any prefixes or suffixes. For instance, the stem form of the words waste, wasting, and
wasted 1s “wast”. However, this stem form is a word that does not exist; hence, it was converted
to its waste lemma. This process is called lemmatization.

The most frequent words and the number of times they appear are presented in Figure 3.4.
Although the keyword used to constitute the corpus was “municipal solid waste” (which was then

replaced with msw), this is only the second most frequent word.
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Figure 3.4: Frequency of the 20 most frequent words adopted by the scientific community

The word that appears the most is waste. Its stem form can come from the words “waste”,
“wasted”, “wasting”, and “wastes”. This was to be expected, as “waste” can be used as a noun
(this happens commonly in different contexts such as food waste), as an adjective, or even as a
verb. Hence, the versatility of this stem form in the context of MSW justifies the frequency of the
word, which appears almost 67,000 times throughout the 34,139 extracted abstracts.

The second most frequent word (msw) appears 63,278 times, while the third (landfill) only
appears 29,000 times. This is a very significant drop in frequency (over 50%). The frequency
drop for the next words is not as severe. For instance, the 20" most frequent word (environment)
appears almost 13,000 times.

Out of the 63,621 unique words present in the corpus, 29,156 only appear once. This means
that around 46% of the words were not relevant to this analysis. Considering solely words that ap-
pear 100 or fewer times in all abstracts as a whole, the number of relevant unique words decreases
to 2,800.

The 50 most frequent words are shown in a word cloud in 3.5. In this word cloud, words are

grouped by their frequency level, with each group having its own color. The middle of this word
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cloud is populated by the words waste and msw, followed by study and landfill. Other less frequent

words are anaerobic, paper, and disposal.
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Figure 3.5: Word cloud of the 50 most frequent words adopted by the scientific community
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3.4.2.2 Number of topics

Different metrics were adopted to determine how many topics should be extracted from the corpus,
but first, a range of possible topics had to be defined and the corresponding LDA models generated.
A range of 2 to 100 topics was considered, meaning 99 different LDA models were generated and

compared according to the four different metrics.

Figure 3.6 shows the disparity in the number of topics suggested by each metric. Specifically,
Deveaud2014 and Griffiths2004 suggested the adoption of 30 and 99 topics, respectively, while
both CaoJuan2009 and Arun2010 suggested 95 topics.
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Figure 3.6: Number of topics to extract from the scientific community corpus

Nevertheless, interpretability and readability are essential features when analyzing LDA re-
sults. Thus, defining fewer topics should enable a better and easier presentation of the available
data (Chu et al., 2020; Debnath and Bardhan, 2020; Buenano-Fernandez et al., 2020). In this sense,
the number of topics suggested by the Deveaud2014 metric was the most appropriate. This metric
maximizes the information divergence of all topic pairs or, in other words, maximizes differences
between the topics (Sutherland and Kiatkawsin, 2020) and is commonly used to determine the
number of topics in other LDA applications (Debnath and Bardhan, 2020; Buenano-Fernandez
et al., 2020; Sutherland and Kiatkawsin, 2020).

Additionally, the other metrics presented a constant increase or decrease regarding the num-
ber of topics, which may indicate that their outcomes are uninformative (Hussain et al., 2023).
Although this number could stabilize if the range of topics tested was wider, a higher number of
topics would jeopardize interpretability. Hence, the LDA model was developed considering a total

of 30 topics.

3.4.2.3 Topics

The final model offered a panoply of information to understand the most relevant themes on the
subject of MSW. For example, it revealed the most relevant words for each topic, making it easier

to discern precisely what topic they related to, since the LDA model by itself did not name topics.
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Although naming 30 different topics is an excellent start to understanding the academic themes
around MSW, especially considering that this output originated from over 25,000 distinct articles,
it is still a high number to grasp simultaneously.

Therefore, the topics were unified into broader groups (topic groups). This was achieved by
examining the most frequent words of each topic and grouping those that were alike. These topic
groups were also named to make it easier for readers to understand the MSW dimensions discussed
in the present work.

Table 3.1 shows the 30 referenced topics and their corresponding topic group. Additionally, the
10 most relevant words for each topic are presented. These words justify the topic denomination
and, therefore, the name of the corresponding topic group.

Table 3.2 presents the frequency of the topics, along with the frequency of each topic group.
Topic 1. MSW characterization and analysis is the most popular topic, as it is the topic that has a
greater presence among all the topics, while the topic 7. Health risks and population demographic
characteristics is the least popular when considering the total frequency of the words included in
the topics.

The most common topic group on the subject of MSW is G) Environmental impact assessment
and sustainability, which is to be expected, since it is one of the topic groups with more topics
(five). The prevalence of G) Environmental impact assessment and sustainability suggests a strong
emphasis on the impact of MSW in cities and on efforts to minimize its impact/reuse it in a
sustainable manner. At the other end of the spectrum, E) Leaching and extraction of heavy metals
is the least popular topic group, possibly because there are only two topics.

One of the most popular topics - 22. Site selection methods and criteria for MSW facilities
- is also part of one of the least popular topic groups - F) Optimization and site selection for
MSW systems. Another similarly popular topic is 9. Usage of ash and slag from incineration in
cement and concrete, which focuses on converting MSW, followed by 15. Anaerobic digestion
of the organic fraction of MSW and biogas production. On the other hand, the least frequent
topics are 9. Microbial and bacterial diversity and resistance and 7. Health risks and population
demographics.

The evolution of the topic group frequency of the scientific article corpus over the years was
also analyzed, as graphed in Figure 3.7. The graph shows that the popularity of the topic groups
is volatile at the start, but becomes more stable as time passes. The topic group with the highest
volatility is G) Environmental impact assessment and sustainability. It has a frequency of over
25% in the first years, which then drops by more than half, and increases slightly afterward. The
opposite is true for topic group B) Pollution and health risks, which has a big increase in frequency
during the first years before starting to lose popularity.

Overall, the most stable topic groups are A) MSW properties and E) Leaching and extraction
of heavy metals. The former is less frequent in the first decade but then gains popularity. This is
relevant as research and exploration of MSW properties are at the core of the topic group itself.
On the other hand, the increase in popularity of topic group 4. Biological treatment processes is

practically constant over time.
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Topic group name

Table 3.1: Topic summary for the scientific community

Topic name

Top 10 words

1. MSW characterization and analysis

msw; china; study; reserve; analyze; paper; effect;

A) MSW properties method; main; disposal
2. Statistical analysis of factors (Academic research/Research and analysis) analysis; study; factor; indication; result; influence;
level; data; significance; author
3. Characteristics of neutrino and its effects neutrino; effect; mass; dive; measure; magnet;
observe; time; perform; frequency
4. Physical characterization and moisture content of MSW fractions content; composition; value; msw; sample; particle;
characteristic; size; dry; moisture
5. Water quality and pollution water; pollution; contamination; quality; site;
. roundwater; source; dump; season; surface
B) Pollution and health g P
risks 6. Air pollution from the incineration of organic compounds concentration; incineration; sample; compound;
dioxin; air; peddfs; pollution; level; source
7. Health risks and population demographics risk; health; human; study; association; exposure;
assess; report; worker; sex
8. Control and emissions of greenhouse gas from MSW incineration gas; emission; greenhouse; incineration; carbon;
combust; reduction; air; msw; reduce
9. Microbial and bacterial diversity and resistance active; microbiology; community; bacteria; resist;

isolation; divers; study; abundant; gene

C) MSW and biomass
conversion

10. Usage of ash and slag from incineration in cement and concrete

ash; fly; incineration; bottom; cement; material;
strength; concrete; property; slag

11. Waste sorting and recycling of materials

waste; recycle; material; plastic; separation; food;
paper; recovery; product; sort

12. Thermal conversion of MSW and biomass into fuel and other products

fuel; product; process; biomass; gasification;
pyrolysis; heat; thermal; produce; combust

13. Waste-to-energy technologies for energy generation (electricity and heat)

energy; plant; generate; electric; power; potential;
recovery; technology; economic; renew

D) Biological treatment
processes

14. Biological treatment of municipal wastewater and sludge

treatment; sludge; remove; wastewater; municipal;
sewage; process; code; treat; efficiency

15. Aerobic composting of the organic fraction of MSW

organic; compost; process; degradable; matter;
biodegradable; during; biology; fraction; aerobic

16. Bioreactor landfill operation and leachate recirculation

landfill; leachate; msw; bioreactor; recirculate;

operate; study; cover; sanitary; refuse

17. Anaerobic digestion of the organic fraction of MSW and biogas production

anaerobic; digest; product; organic; biogas; methane;
fraction; ofmswy; pretreat; reactor

E) Leaching and
extraction of heavy
metals

18. Adsorption and oxidation of chlorine by biochar and other carbon-based
materials

carbon; active; adsorption; reaction; effect; oxidation;
surface; mechanic; biochar; format

19. Leaching and extraction of heavy metals from residues

metal; heavy; leach; concentrate; extract; residual;
toxic; element; lead; acid

F) Optimization and
site selection for MSW
systems

20. Optimization of waste collection and transportation systems

system; collect; optimal; cost;
transport; propose; waste; facility

manage; design;

21. Data-based modeling and simulation of MSW processes

model; predict; data; simulation; base; parameter;
estimation; develop; propose; network

22. Site selection methods and criteria for MSW facilities

method; select; site; study; evaluate; suitable; process;
analysis; base; decision

G) Environmental
impact assessment and

23. Research of social practices and education in waste management

social; practice; student; education; research; program;
field; knowledge; learn; experience

sustainability 24. Life cycle assessment and environmental impact of MSW environment; impact; assess; scenario; cycle; life;
manage; result; study; treatment
25. Sustainable waste management policies and practices in developing countries manage; municipal; policy; develop; waste; country;
local; sustain; implement; region
26. Generation and management of MSW in urban areas (cities) waste; solid; generate; manage; dispose; city; urban;
household; municipal; population
27.  Circular economy technologies for industrial waste management and technology; develop; sustain; industry; review;
environmental bility research; resource; environmental; discuss; application
H) Effects of waste 28. Properties and experimentation of liners for landfills test; conduct; pressure; shear; msw; strength; liner;

treatment on the soil
and plants

compress; property; settlement

29. Effects of compost and organic fertilizers on the soil and plant growth

soil; compost; plant; organic; application; fertile;
amend; agriculture; growth; increase

30. Effects of temperature and additives on MSW degradation rate

increase; rate; effect; temperature; decrease; time;
during; ratio; result; condition
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Table 3.2: Topic frequency for the scientific community

Topic # | Individual topic frequency | Topic group Topic # | Individual topic frequency | Topic group
frequency frequency

1. 3.42% 18. 3.30%

2. 3.13% 12.86% 19. 2.83% 6.14%

3. 3.13% ' 20. 3.17%

4. 3.18% 21. 3.42% 10.57%

5. 3.35% 22. 3.97%

6. 3.89% 23. 4.09%

7. 2.81% 16.30% 24. 3.17%

8. 3.11% 25. 3.60% 17.31%

9. 3.14% 26. 3.33%

10. 2.84% 27. 3.13%

11. 3.49% 28. 3.80%

12. 3.25% 13.11% 29. 3.79% 10.84%

13. 3.53% 30. 3.26%

14. 3.35%

15. 3.08%

16. 3.12% 12.87%

17. 3.33%

3.4.3 European Union

This section focuses on the EU-funded projects. As in the previous section, an overview of the
corpus extracted from the CORDIS website is provided before presenting detailed information
about the creation of the LDA model.

3.4.3.1 Frequency analysis

Considering the corpus as a whole, the number of times any given word appears in a text may
be indicative of its content. Thus, the 20 most frequently used words were examined using their
respective lemma instead of their stem. As with the scientific articles, msw is only the second most
used word in the EU corpus, even though it was the keyword used for the extraction. Waste is yet
again the most used word, as seen in Figure 3.8.

The difference between the word frequencies was not as significant as the one verified in
the previous analysis, which could be due to the size difference between both corpora. In this
case, there are 3,586 unique words, compared to the 63,621 unique words present in the scientific
articles. An interesting observation is the fact that product appears in third place in regards to
term frequency, just barely behind msw. Other relevant words depicted in the graph are commonly
related to energy, such as energy, industry, fuel, and gas. Additionally, words like technology and
plant may also be related to the concept of energy, depending on the context.

Figure 3.9 draws a word cloud of the 50 most frequent words. As seen before, the words in the
middle are waste, msw, and product. Then, the cloud shows the words process and project, along
with words such as system and develop. Other examples of less common words found in the cloud
are increase, aim, and fraction. The appearance of these words makes sense in the context of the

EU-funded projects, as they can be used to describe project information.
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Figure 3.7: Topic group frequency evolution in the scientific community
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projects
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3.4.3.2 Number of topics

For the EU corpus, the number of topics that should be extracted was determined in a similar
way to that described above, relying on different metrics, i.e., Deveaud2014, Griffiths2004, Cao-
Juan2009, and Arun2010. The range of possible topics was also set to be between 2 and 100 and
standardized the values for each metric to be between 0 and 1. Figure 3.10 shows these metrics.
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Figure 3.10: Number of topics to extract from the European Union-funded projects

In this context, the previously prioritized metric, i.e., Deveaud2014, suggested only two top-
ics, which would not extract much information from the corpus in question. Thus, other metrics
were considered. Arun2010 suggested a high number of topics (39), which could harm the in-
terpretability and readability of the results. Hence, the most sensible option was to follow either
Griffiths2004 or CaoJuan2009, which suggested 25 and 23 topics, respectively. In the end, the
number of topics was set to 25 since this number is closer to the one adopted in the first LDA
model, allowing for a better comparison between the two.

In opposition to the first LDA model, most metrics in this one presented either a valley (Cao-
Juan2009 and Arun2010) or a peak (Griffiths2004) instead of a constant increase or decrease. The
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only exception was Deveaud2014, which had a constant decrease, whereas in the previous analy-
sis, it was the only metric that did not present this behavior. This further suggests that this metric

was not adequate for this context.

3.4.3.3 Topics

A total of 25 topics were extracted from the EU corpus by employing the LDA model. Although
these are not as many as the ones identified in the scientific article corpus, the topics are still
sufficiently different between themselves. These topics were also named, and there was an attempt
to keep the same nomenclature adopted when analyzing the scientific articles to allow a good
comparison with the topics of the previous corpus.

The topics were also unified into groups to facilitate their analysis and subsequent overview.
The topics, their corresponding groups, and their most frequent words are represented in Table
3.3.
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Topic group name

Table 3.3: Topic summary for European Union-funded projects

Topic name

Top 10 words

A) Energy conversion

1. Conversion of biomass into energy, fuel, and other products

plant; energy; biomass; demonstrate; efficient;
product; fuel; project; design; result

2

. Anaerobic digestion of agricultural waste

agriculture; reactor; anaerobic; effluent; carbon;
concentrate; residual; cellulosome; optimal; carry

3

. Energy generation from MSW

plant; energy; msw; fuel; heat; electric; combust;
boiler; steam; generate

. Landfill value extraction

landfill; system; product; increase; content; include;
sever; gas; measure; extract

B) Value extraction and
waste valorization

5

. Waste treatment and value extraction technologies

technology; innovate; advance; research; treatment;
develop; value; project; joint; universe

. Recycling and product quality

recycle; cost; materi; develop; recovery; separate;
increase; product; rate; stream

7

. Value extraction from MSW

product; propose; organic; msw; fraction; value;
feedstock; technology; chain; market

8

. Plastic recycling technologies

plastic; technology; industry; economy; europe;
achieve; large; repair; advantage; circular

C) Biological treatment
processes

9. Biological waste management and innovation

waste; urban; biobase; stream; include; biowaste;
process; valorise; wastewater; innovate

I

0. Organic waste treatment processes

process; biogas; treatment; organic; fraction; digest;
sort; separate; compost; plant

D) Waste management
processes

1

. Industrial processes for MSW management

process; product; industry; msw; integrate; acid; cost;
yield; chemical; sugar

I

2. Urban waste collection management

project; truck; fuel; urban; implement; technology;
require; city; cell; operate

W)

. Waste collection and disposal

waste; collect; active; addition; direct; dispose;
amount; base; involve; municipal

b

Industrial waste management

material; industry; waste; raw; sector; tonne; million;
construct; produce; billion

E) Projects and

o

. Waste management project proposal

project; waste; develop; manage; region; european;

programs propose; application; solution; contribute
16. Municipal programs local; demonstrate; object; plan; municipal; author;
programm; msw; relate; support
F) MSW 17. MSW composition and material handling material; ash; msw; glass; recycle; incinerate; obtain;

characterization and
policies

environment; process; composition

8. Scientific research and policy development

research; network; h2020; assess; scientific; train;
institute; model; mine; approach

9. Public environmental policies

public; environment; effect; tax; achieve; include;
energy; wide; spain; handbook

G) Sustainability and
pollution

0. Sustainable water management systems

water; sustain; system; integrate; economy; approach;
solution; manage; set; social

. Air pollution reduction

reduce; air; bubble; significance; produce; because;
commercial; stage; aim; practice

2!

)

. Circular economy awareness

circular; service; environment; provide; eufund;
develop; product; reuse; platform; social

H) Practical
experimentation test
systems

2!

w

. Hydrogen experimentations

dive; msw; diver; decompress; hydrogen; depth; phase;
pressure; during; experience

2

4. Clean gas and combustion systems

gas; process; system; msw; clean; test; gasification;
filter; coal; engine

2!

O

. Welding and equipment performance

weld; system; develop; test; control; technique; wet;
equip; improve; quality

Apart from the words akin to waste and msw that appear frequently in the corpus, other words

such as product, develop, and project are also trendy.

Regarding topic frequency, there seems to be an even distribution, as depicted in Table 3.4.

The only exception is topic 8. Scientific research and policy development, which has a frequency

of over 7%, while the second most frequent topic (/2. Urban waste collection management) has

a frequency of 5.38%. It is clear that a large part of the EU corpus deals with policy development

and research, as well as issues related to MSW recovery and valorization. On the other spectrum,

topic 21. Air pollution reduction is the least significant.

The group frequency is also relatively stable, even when considering size discrepancies. How-

ever, topic group D) Waste management processes seems to be the one that gets the most attention

from EU projects, closely behind A) Energy conversion and B) Value extraction and waste val-

orization. These are topic groups wherein the three most popular topics also reside, revealing that

waste recovery and valorization are at the core of the EU-funded policies.
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Table 3.4: Topic frequency for European Union-funded projects

Topic # | Individual topic frequency | Topic group Topic # | Individual topic frequency | Topic group
frequency frequency

1. 5.15% 15. 3.24%

2. 2.78% 15.66% 16. 3.81% 7.05%

3. 3.43% oo 17. 371%

4. 4.31% 18. 7.57% 14.33%

5. 3.71% 19. 3.05%

6. 4.34% 20. 5.23%

7. 3.98% 15.95% 21. 2.39% 11.66%

8. 3.91% 22. 4.04%

9. 4.45% 23. 4.13%

10. 3.35% 781% 24. 3.18% 11.08%

11. 3.57% 25. 3.77%

12. 5.38%

13. 3.62% 16.46%

14. 3.89%

Within topic group D) Waste management processes, four different topics focus on the collec-
tion and disposal of waste as a whole while also having a strong industry focus. As far as the other
two major topic groups are concerned, there is a strong emphasis on trying to reuse and draw some

value from produced waste, either by recycling it or by producing energy from biomass.

Topic group C) Biological waste management and innovation is one of the least popular, prob-
ably due to having only two topics. Another unpopular topic group is D) Waste management
processes, which deals with treating biological waste when it occurs and cannot be converted into
energy. Still, the least popular topic group is E) Projects and programs, which mostly revolves

around the call to action present in every project description.

There is also a considerable focus on sustainability and pollution issues, which demonstrates
that the aim and priority of these EU projects is to address both the current and the future environ-

mental impact of MSW in Europe.

However, looking at the topic frequency throughout the years, each topic group has a radically
different importance. However, it is important to analyze this information critically, in the sense
that the corpus presents an average of three to four projects per year. In other words, certain topics

might have been addressed at very specific times.

Regardless, looking at Figure 3.11, the prevalence of each group is very inconsistent. The
trend throughout the years has been for a specific topic group to represent more than 25% of all
groups, while all the other topic groups share similar values. For example, most of the corpus from
1983 refers to the topic group H) Practical experimentation test systems, but afterward, this topic
group quickly returns to a frequency more closely related to its counterparts. On the other hand,
D) Waste management processes is the most relevant topic group from 1990 to 1993 and again
from 1996 to 1999.

However, in the last two decades, the tendency seems to be for A) Energy conversion and F)
MSW characterization and policies to gain traction and steal the spotlight. The only exception can
be found in 2009, when topic group B) Value extraction and waste valorization has a frequency

greater than 50%.
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Overall, topic group C) Biological treatment processes is the most stable throughout the years.

On the other hand, D) Waste management processes is the most unpredictable.

Topic group frequency evolution
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Figure 3.11: Topic group frequency evolution in the European Union-funded projects

3.4.4 Similarity estimation

The cosine measure was used to quantify the maximum similarity observed in the documents of

both corpora (scientific community and EU-funded projects).

Figure 3.12 presents the results, showcasing two notable characteristics: the difference in the

maximum similarity between the two corpora and the number of outliers in both plots.

The results show a significant discrepancy in the similarity levels between the two corpora.

The quartile values suggest that the maximum cosine similarity between the scientific articles

and the descriptions of the EU-funded projects tends to be relatively low, with most comparisons

yielding values below 0.1562. This indicates a moderate degree of similarity, and that most pairs

of documents have a moderate degree of commonality or thematic relevance.
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Figure 3.12: Cosine similarity between the two corpora

However, when examining the maximum cosine similarity obtained from the description of
the EU-funded projects in relation to the scientific articles, as seen in the right-hand side of Fig-
ure 3.12, the quartile values increase significantly, with most comparisons yielding values below
0.4142. This indicates a comparatively higher degree of similarity between scientific articles and
the EU-funded projects, suggesting that a significant proportion of document pairs have a high
degree of overlap in thematic content across a significant portion of document pairs.

In summary, the observed values indicate a moderate degree of similarity between the scientific
articles and the EU-funded projects, but a significantly higher degree of similarity in the opposite
direction.

To complete this analysis, the similarity between documents of the same corpus were also
examined. Figure 3.13 draws two boxplots, one for each case. The left boxplot corresponds to the
maximum similarity between scientific articles and the right boxplot corresponds to the similarity
between the EU-funded projects. In this regard, the scientific articles are more similar between
themselves than the EU-funded projects. It should also be noted that the similarity between the
scientific articles has more outliers, with some of them being close to 1, indicating very similar

works, while the outliers for the EU-funded projects are almost non-existent.
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Figure 3.13: Cosine similarity between the two corpora

3.5 Discussion

The two analyzed corpora have different inherent characteristics. For instance, their size is very
distinct, with the corpus of the scientific articles having a total of 3,233,738 words, while the
corpus of the EU-funded projects only has 26,823. Not only that, but the scientific article corpus,
likely due to its size, has 63,621 unique words, which is not only more than the 3,586 unique
words in the corpus of the EU-funded projects but also more than its total number of words.
While 140 EU-funded projects are a considerable number, they are shrouded by the enor-
mous number of scientific articles in the literature. This leads to two issues. First, the scientific
community has a bigger portfolio of documents and thus a better opportunity to expand on all
topic groups related to MSW. Second, because the EU-funded projects have a reduced portfolio,

disparities between topics are more noticeable.

Nonetheless, when comparing the word frequency in both corpora, they seem to be somewhat
aligned. The 20 most frequently used words in both cases seem to relate to the same problems,
even if they are not an exact match. The top words present in the abstracts of the scinetific articles
are usually not related between themselves, suggesting that several themes of MSW are being
considered simultaneously. Conversely, the key words in the EU-funded projects are more closely
related to more practical applications, which was to be expected.

The scientific side of MSW is very broad. This is demonstrated by the panoply of words
used and by each topic having a different set of 10 most representative terms. In fact, the same

top-10 term rarely appears in more than one topic. The works in the field of MSW cover the
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subject from different perspectives, which are linked to different themes. There are works on
analyzing and understanding the composition of MSW, repurposing waste for value extraction and
energy generation, determining optimal waste management approaches, and evaluating the impact
of MSW on the economy, environment, and society.

The MSW field is extremely mature in the literature, with a deep understanding of its nuances
even when considering that MSW characteristics differ from city to city. There is also a big
concern with figuring out practical applications to reduce, reuse, recycle, recover, and dispose of
existing waste. Nevertheless, the covered themes have been relatively stable throughout the years.
In other words, the literature seems to keep complementing each theme, even if at times some
nuances are more popular than others.

Regarding the EU-funded projects on MSW, it is hard to find a pattern. The projects and
programs are clearly aimed at motivating countries to do better and fight against the consequences
of MSW. It is therefore natural that, over the years, more emphasis has been placed on the present
and/or near-future problems associated with MSW. This priority can be seen in the oscillation in
the frequency of topics over the years. There is less focus on the characterization of MSW and its
composition, and more on its management and consequences. These consequences are linked to
sustainability issues, and several projects have explored how the ideology of the circular economy
is an asset to foster sustainability.

Although there is a hierarchy in the options available to reduce the consequences of MSW -
reduction, reuse, recycling, recovery, and disposal (Papargyropoulou et al., 2014) -, the EU-funded
projects have primarily focused on the last four, in four different ways. First, by trying to extract
value from existing waste and recycling it whenever possible. Second, by recovering biowaste and
trying to convert it into energy. Third, by treating and dealing with existing waste at the waste
management level, including biological waste. Fourth, by experimenting with new methods and
systems that are more efficient, produce less waste, and may also be less polluting.

Nonetheless, there is also a great concern regarding setting policies to enable the above op-
tions. One of the 25 extracted topics deals with proposing waste management plans and another
deals with municipal programs. Together, these two topics have a frequency of 7.81%.

In terms of direct comparisons and contrasts between the two corpora explored in this chapter,
some aspects stand out. For instance, the EU-funded project corpus is very focused on everything
related to biological waste and waste management, such as waste collection and disposal, but not
as focused on other areas of MSW that the scientific community has studied and documented in
detail. Considering that EU-funded projects focus on contemporary issues, there is an indication
that biowaste and waste management in European cities are two very concerning issues.

The analysis of the cosine similarity between the two corpora sheds light on the similarities
and differences between the two. Through this measure, it is possible to verify that the EU-funded
projects seem to be much more closely related to the works of the scientific community than the
other way around. In particular, there are cases where the similarity between the scientific articles
and the EU-funded projects is negligible or even almost 0, while this does not happen the other

way around.
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The differences in similarity may stem from different factors. The scientific community may
cover a wider range of topics compared to the EU-funded projects, leading to more varied content
and potentially lower similarity. Another reason for this may be that the EU-funded projects are
more focused or specific in nature, causing higher similarity values due to having shared themes
or characteristics. However, it is also true that the scientific articles are more similar between
themselves than the EU-funded projects. This may be due to the large disparity in the sample
size of both corpora, i.e., 25,121 documents against 140 documents, with the EU-funded projects
displaying more concentrated and unique patterns.

Another reason for these discrepancies may be that the EU-funded projects rely either on the
work of the scientific community or on information provided by organizations such as FAO and
the World Bank. This way, policymakers can rely on already available information and focus
their attention on practical solutions, while the scientific community seeks to generate its own

theoretical background.

3.6 Conclusion

The topic of MSW has gained traction over the years. Considering the amount of MSW generated
every year, it is easy to understand how severe its consequences are and why the scientific com-
munity has focused so much on this topic. In fact, this is a very mature branch of the literature
on waste, and the characterization and composition of MSW, its consequences, and how it can be
dealt with have been well explored.

However, to understand if this focus of the scientific community is matched by actual actions to
minimize the consequences of MSW, a text mining approach was employed to compare what has
been addressed by the scientific community with what has been addressed by EU-funded projects.
For this purpose, the corpora representing each sphere were compared, their word frequency was
analyzed, and then the relevant topics were extracted from the content of the documents by creating
and using two LDA models.

The LDA models gave an overview of the major themes explored in the two settings mentioned
above. On the one hand, the scientific body of work surrounding the topic of MSW is, as expected,
extremely mature, and there is a solid understanding of all aspects of MSW. Despite the growth in
the number of publications throughout the years, the proportion of studies devoted to each topic
has remained constant, with no one topic dominating the others. On the other hand, the EU-funded
projects focus heavily on some specific subjects, neglecting others.

The EU-funded project corpus barely mentions waste reduction options but focuses heavily
on waste reuse, recycling, recovery, and disposal. In the EU-funded projects, the most common
themes are biowaste, with a special focus on procedures that enable its conversion into energy,
and waste management, which includes the collection and disposal of waste. At the same time,
the frequency with which the topics are covered changes from year to year. This supports the
view that the projects are designed to solve ever-changing problems with present or near-future

consequences.
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This information suggests that despite their flexibility and adaptability to the current reality, the
EU-funded projects focus mostly on dealing with existing MSW and not much on reducing MSW
generation. This leads to other issues such as landfills and the effects of MSW and waste-based
fertilizers on the soil and plants, which have been extensively studied in the literature but have not
received much attention in the EU-funded projects. Although the EU-funded projects do mention
other topics such as the characterization of MSW, its overall consequences, and sustainability-
related issues, the scientific community seems to have a much better understanding of these topics.

To complement this information, a cosine similarity analysis was conducted to measure the
similarity between the two corpora. This analysis revealed that the scientific articles have a higher
internal similarity than the EU-funded projects. In addition, the EU-funded projects are more
similar to the scientific articles than the other way around. This difference between the two corpora
may be due to the broader range of topics explored by the scientific community and the more
focused nature of the EU-funded projects.

In summary, the two corpora appear to be mostly aligned. Regardless, the scientific community
has a larger portfolio of information, which provides a much broader understanding and knowledge
of the MSW issue. The EU-funded projects, on the other hand, do not focus so much on the
characterization and consequences of MSW, but rather on what are the best options to deal with
current and near-future problems. Nevertheless, there is a clear trend toward biowaste and waste
management solutions.

One of the limitations of this work was the small number of documents related to EU-funded
projects in comparison to the scientific articles, making it more difficult to draw conclusions about
the latter. Although this is not as noticeable when using an LDA analysis, this reduced number of
documents became more apparent when calculating the similarity between the two corpora. Thus,
it could be interesting for future research to test quantitative tools other than LDA and the cosine
similarity to extract information from smaller corpora, or to collect a larger corpus with a higher
number of documents representing the policies adopted at the EU level. Future research could
also study other features from both corpora, such as the country of origin of the participants or

researchers and their number.



CHAPTER I -

A Literature Review on the Quantitative
Approaches to Food Waste: Descriptive,
Predictive, and Prescriptive Analyses

Food waste generated throughout the food supply chain raises several environmental, social, and economic
issues. Quantitative methods can aid in managing food waste by describing current contexts, predicting
future scenarios, and improving related operations. However, a literature review on the use of quantitative
methods, namely on the descriptive, predictive, and prescriptive dimensions, to assess and prevent food
waste is lacking. This chapter aims to explore and categorize the quantitative studies that perform de-
scriptive, predictive, and prescriptive analysis concerning food waste in order to identify gaps and future
research directions. For this purpose, we developed a systematic literature review based on the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) Statement methodology, supported
by 65 papers. We identified the key features of each data analytics approach, with a particular focus on
i) food waste quantification methods, ii) demand, food waste, and shelf-life forecasting algorithms, and
iii) optimization approaches. Additionally, the context in which each of these studies are focused is also
explored. We found that predictive analysis is the most prominent among the data analytics approaches,
followed by descriptive and prescriptive systems, respectively. Moreover, the setting more explored is the
hospitality sector, being the only context in which all descriptive, predictive, and prescriptive approaches
can be found. The algorithms and models adopted in the studies vary, and there is still room for adopting
more recent or advanced methods. We believe this chapter can contribute to setting the ground for more

oriented and structured quantitative research in the food waste field.

4.1 Introduction

The food supply chain (FSC) is the culmination of several processes dealing with the production
and supply of food and involves all the distinct stages necessary for food to reach its final con-
sumer. Food waste (FW) and food loss (FL) can be generated at all stages of the FSC Li et al.
(2022). If the waste is produced at the start of the FSC, i.e. at the production, postharvest, and
processing stages, it is usually called FL. (Feukam Nzudie et al., 2020). If the waste happens at
the end of the FSC, i.e. at the retail and consumer stages, it is deemed FW Thyberg and Tonjes
(2016); Do et al. (2021). Despite this distinction, some studies use these two concepts as syn-
onyms (Thyberg and Tonjes, 2016; Girotto et al., 2015). In fact, this distinction can be ambiguous,

especially when defining the waste generated in the middle stages of the FSC. Nevertheless, most
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of the wasted food is generated either at the start of the FSC (agriculture) or at the end (consump-
tion), with the sum of both accounting for more than half of the waste in the whole FSC (Priefer
et al., 2016; Salina Md Salim et al., 2016). In the present work, we distinguish between FL and
FW and use the term *wasted food’ as a broader concept to refer to all the waste produced in the
human-oriented FSC. In other words, we consider wasted food to be the combination of FL and
FWw.

All types of wasted food have an impact on the environmental, social, and economic spheres
through the production of greenhouse gases, problems associated with global food security, and
the costs related to wasted food (Gao et al., 2021; Shams et al., 2017; Beheshti et al., 2022; Ma-
sud et al., 2020). Despite this fact, wasted food is not usually addressed as a multi-dimensional
dilemma, given that looking at it as an environmental and sustainability problem is entirely differ-

ent from looking at it as an economic and management issue (Filimonau and De Coteau, 2019).

The same amount of wasted food can have different impacts at different stages of the FSC
(Priefer et al., 2016). The later the wasted food arises, the higher the environmental and economic
cost since the food has already been processed, packaged, stored, or even distributed (San Martin
et al., 2021; Mosna et al., 2016). For this reason, developed countries are usually more harmful in
this regard, as they have higher FW rates while developing countries have higher FL rates (Girotto
et al., 2015; Parfitt et al., 2010). In short, the same amount of wasted food can have different
consequences depending on the type of food in question and the stage of the FSC where it happens.
This justifies the need for transparency not only in the quantification of wasted food at each stage of
the FSC but also in the identification of the kind of waste that is generated. Although the quantities
of FL are higher than the quantities of FW, it is the latter that leads to worse environmental, social,
and economic issues (Praneetrattananon et al., 2005; Feukam Nzudie et al., 2020; Gao et al., 2021;
Girotto et al., 2015; Kamble et al., 2020). Hence, the present work focuses on FW, i.e. wasted
food generated in retail, households, and food services, as reducing FW in these settings enables
to minimize environmental, social, and economic issues.

The literature on FW has adopted two main approaches: quantitative and qualitative. The
former relates to the quantification of FW and, sometimes, its discrimination. The latter usually
aims at finding the reasons/drivers of FW and at understanding how it can be avoided and how to

better allocate the waste that is produced.

Regarding the quantitative approach, specifically with regard to descriptive analysis, by 2010
there were only a few publications quantifying FW around the globe (Parfitt et al., 2010), and
most of their data referred back to the 1980s. In 2013, a review on FW prevention found only
four publications with data related to FW in the hospitality sector (Schneider, 2013). In 2016,
Pirani and Arafat (2016) concluded that although some reports already quantified FW, many did
not mention the quantities of avoidable FW. A more recent literature review (Filimonau and De
Coteau, 2019) presented publications that quantify FW in the hospitality sector (Chalak et al.,
2018; Principato et al., 2018). The authors found that, at the time, the number of publications
quantifying FW in the last five years (2015-2019) was greater than in the previous 20 years (1995-
2014). In 2020, Dhir et al. (2020) found 24 quantitative studies and a further 17 mixed methods
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(between quantitative and qualitative) tackling FW generation in the profit sector of hospitality and
food services. These literature reviews are evidence of the current popularity of FW quantification,
namely after 2015. However, these reviews do not provide a detailed picture of the methods and
data used in the different studies or their results. Moreover, they only address the descriptive
dimension of analytics, neglecting the potential of the predictive and prescriptive approaches.

Conversely, the qualitative approach to FW has been intensively explored (Batista et al., 2021).
In 2017, there were already a considerable number of papers portraying the drivers that lead to
wasted food. Hebrok and Boks (2017) identified 112 scientific sources between 2010 and 2015
that explore the link between FW and consumer behavior (households), pinpointing nine main
drivers. Canali et al. (2017) located 28 studies on the subject of FW and revealed that most of them
do not classify FW causes or drivers. The authors then classified and enumerated the FW drivers
into three groups - technological, institutional, and social. Dhir et al. (2020) found 18 qualitative
studies and a further 17 mixed methods (between quantitative and qualitative) in the field of FW
generation in the profit sector of hospitality and food services. The authors identified several
FW drivers and concluded that the main ones are the nature of the food menu, the production
procedure, and the use of pre-prepared food products (instead of whole).

Summing up, even though the topic of FW has become more popular in recent years and its
qualitative analysis stream is already mature, the quantitative analysis stream is still developing,
and some gaps must be filled. In particular, there are no literature reviews on the predictive and
prescriptive analysis of FW. Furthermore, the literature reviews on the descriptive analysis of FW
did not fully display the relevant features of these analyses, such as the methods used to measure
FW and the amount of FW estimated within each specific context.

Thus, we propose a systematic literature review of the quantitative approaches to FW, ref-
erencing and discriminating the papers by descriptive, predictive, and prescriptive analytics and
showcasing their features. For each of these three dimensions, we present a summary of the rele-
vant studies.

The need for such a review is threefold. First, research on FW has focused more on qual-
itative approaches, thoroughly exploring the main drivers that enable FW generation. On the
other hand, and to the best of our knowledge, no previous review was conducted on the quanti-
tative approach to FW, which simultaneously aggregates descriptive, predictive, and prescriptive
approaches. Moreover, the need to reduce FW calls for advanced models supported by the in-
creasing volume of data collected by organizations, given the increasingly complex contexts of
food services. Therefore, this chapter aims to approach FW, focusing on the models adopted to
explore it in the different FW settings. We identify the modeling approaches in each setting, sum-
marizing the relevant decisions considered by past researchers and further presenting key features

that promote the future adoption of related models.
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4.2 Systematic Literature Methodology

The methodology adopted to conduct this literature review is based on the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA) Statement methodology (Page et al.,
2021). The process of developing the literature review is divided into five steps: objectives, search-

ing strategy, eligibility criteria, study selection, and data collection.

4.2.1 Objective

Studies dealing with the quantitative analysis stream - descriptive, predictive, and prescriptive -
of FW have been increasing in both popularity and number. However, no literature review has
simultaneously presented the different types of data analytics in the quantitative branch.

It is important to reference and succinctly present these works to bring more attention to the
subject. This includes presenting what has been done, how it was done, in what environment it
was done, and what was its performance/the benefit of adopting it. This analysis should enable
newcomers to quickly pick up on the current state of the research on this subject and display what
they can test in their own environment and how to do it.

To objectively address these issues and shed light on the important subjects, this chapter aims

to address the following research questions:

* What is the most popular data analytics approach among quantitative studies?

¢ What are the most explored settings?

* How is FW measured and described?

* What are the main forecast/optimization methods adopted to prevent FW in each sector
(retail, hospitality sector, final consumers, country, and world population)?

* What are the main factors used in these forecasts/optimizations?

* How much improvement do the quantitative models provide compared to the normal opera-

tion (considering the experience of the managers or simpler models)?

4.2.2 Searching strategy

We built the frame of this work by extracting the literature content of the Elsevier SCOPUS and
Web of Science databases. Then, with the knowledge obtained from analyzing the gathered litera-
ture, we addressed the previous research questions in the quantitative sphere of FW. To do so, we
defined a set of keywords, which can be divided into two main groups, as seen in Table 4.1.

We reserved the first set of keywords for terms related to the overall subject of FW and used
the second group for terms concerning quantitative analytics.

We searched for the studies in the above-mentioned databases published up to and including
2022, ensuring that the netted papers contained at least one term from each of the two groups in
their title or abstract. Note that although our focus is food waste, we have included “food loss*”
in the query to gather the studies that use this terminology to refer to waste generated in the latter

stages of the supply chain. Additionally, the query was performed only to retrieve articles and
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review articles - excluding other document types such as conference papers - and studies written

and published in English.

Table 4.1: Group of keywords in the query

Food waste Quantitative analytics
data analytics

data analysis

big data

descriptive anal*
explanatory analysis

food wast* data mining
food loss* statistical model
wast* of food AND predictive anal*
food AND (“wast* reduction”) prediction

food AND (“wast* prevention”) forecast*

machine learning
prescriptive anal*
optimization model
simulation model
mathematical model
mathematical program*

Although the set of keywords used passed through several iterations and discussions, it is still
bound to have its own limitations. Regarding the keywords related to food waste, there might be
other terminology and terms that authors may use to refer to it. One such case may be studies that
address specific food items, e.g. banana waste, rather than the broad categorization of food waste.
As for the quantitative analytics keywords, specific terms can be adopted. Even though some of
the keywords employed are generic to consider all articles in this sphere, some can still not be

captured using this query.

4.2.3 Eligibility Criteria

To ensure that the extracted articles are aligned with the scope of this work, a set of inclusion and
exclusion criteria were noted and used in the screening process.
The following items are part of the inclusion criteria where any paper that respects any of the

following items was considered in this literature:

* Measures or estimates the amounts of food waste produced in a given setting;

* Forecasts future amounts of food waste that will be produced;

* Develops a forecasting tool to mitigate food waste generation (this includes forecasting
demand and/or shelf-life of products);

* Employs optimization processes to minimize food waste generation.

Notwithstanding the inclusion criteria, if a paper fits in any of the exclusion criteria it is
not considered in this review. This boosts the precision of the studies to be extracted from the
databases, further refining the objective and elevating the quality of the information to be pre-

sented. Hence, the exclusion criteria are as follows:
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» Covers wasted food that was generated at the earlier stages of the FSC, i.e. all stages of the

FSC excluding retail and consumer stages;
* Uses FW as a factor to predict other variables instead of forecasting FW;
» Uses predictive methods to study the conversion of FW into energy (e.g., anaerobic diges-

tion);
» Uses qualitative data from interviews.

4.2.4 Study Selection

After performing the query and defining the eligibility criteria of the studies to consider, duplicate
studies retrieved from both databases were removed. Only then did the screening process take
place. The screening process was twofold. The first phase was performed by both authors, where
the title and abstract were analyzed. The authors evaluated whether the studies should be included
in this systematic review or not, considering the eligibility criteria. In case of doubt, the study was
passed through to the next phase.

Although this first stage of the screening was performed by two people, there was no commu-
nication between the two parties before all studies were classified. Only after finishing the first
phase did both parties have access to each other evaluation, and discussed in case of conflict until
getting a consensus on the decision.

After reaching a consensus among the authors on the relevant studies, studies were used in the
second phase of the screening. In this phase, the studies passed through a full reading and were
classified by the type of analysis they performed. The screening process was streamlined through

the usage of the Rayyan platform (Ouzzani et al., 2016).

4.2.5 Result presentation

The studies that come from the two phases of the screening process will be presented and further
explored in the following four sections of this chapter. In section 4.3 the results of the methodology
adopted are shown, presenting the number of articles first extracted from the set of keywords and
going through the different stages until the final batch of studies is consolidated.

In section 4.4, we divide the papers depending on the type of analysis performed, e.g. descrip-
tive, predictive, or prescriptive. Descriptive analysis account for the quantification of the amount
of FW in different settings. The predictive analysis focuses on the application of any forecasting
method to predict future demand, shelf-life, or the amount of FW directly. Lastly, prescriptive
analysis involves optimization models to reach an optimal result that allows the minimization of
FWw.

After this categorization, a summary of each quantitative approach will be produced in their
own table to systematize their main characteristics at once. These tables share the same structure,
with slight adaptations. By categorizing the papers by their data analytics approach, it highlights
the techniques, models, and underlying features adopted. These tables also present an overview of
the subject, exposing the amounts of FW generated along with how to reduce it, and what type of

results can be expected.
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In section 4.5, we divide the studies according to their context, e.g. retail, restaurant, and
canteens. This way, the results are bestowed following another compartmentalization that makes
it easier to extract information and draw conclusions regarding only a specific context. This is
important as different contexts tend to have prevalent features.

Lastly, section 4.6 is meant to discuss the different findings on the final batch of papers as a
whole. For this, the years of publication are also presented to highlight the increasing popularity

of the subject throughout the years.

4.3 Results

According to the aforementioned PRISMA methodology, the query performed on the Elsevier
SCOPUS and Web of Science databases returned 414 and 330 papers, respectively. After removing
duplicate studies, we extracted a total of 499 unique papers to be used in the screening process.
The above and the further steps are drawn in Figure 4.1 through a flow diagram, identifying the

number of articles in each of them.

Identification of studies via databases and registers

)

: N . Records removed before
Records identified from: screening:
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E Reports assessed for eligibility: *| reading:
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Figure 4.1: PRISMA flow diagram showing study selection applied to quantitative approaches
regarding food waste.
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In the first screening phase, the title and abstract of the 499 papers were read by both authors.
After reading and discussing conflict decisions, 404 papers were disfavored, leaving 95 papers for
the second screening phase.

The 95 papers were fully read to assess which ones should be acknowledged in this systematic
literature review. This resulted in a final batch of 65 papers that were categorized according to the

type of analysis performed and the setting they focused on.

4.4 Data Analytics Approaches

In this section, we organize the gathered studies by the type of analytics performed. Furthermore,
we dedicate a sub-section to each type of analysis that includes a table with the key features of
the studies, allowing for a better comparison between them. Finally, we report and discuss the

relevant findings for each category.

4.4.1 Descriptive analysis

Uneasiness toward the increasing amount of FW has been growing in recent years. Organizations
like the Food and Agriculture Organization of the United Nations (FAO) have made important
contributions by providing figures on the matter. More specifically, their 2011 report is very
enlightening, stating that around one-third of all the food produced for human consumption ends
up being wasted (FAO, 2011). This value has been referenced several times and is usually the
quotation used to report the global FW amount.

The specific amount of FW disclosed in the FAO report was calculated considering some
assumptions. Hence, the real amount for each food service provider and/or consumer may be
different. This highlights the importance of having a quantification of FW in the different types of
food services around the world and at different moments. It is also equally important to know the
methodology adopted to quantify the FW so that the measurement methods can be replicated.

There are over a dozen scientific studies that quantify FW. Most of these are from the last
decade, which emphasizes the increasing relevance of the topic and the need to know the amount
that is, in fact, wasted. Table 4.2 presents the most relevant features of the studies that follow a
descriptive approach to FW. This table provides information such as the measurement’s context,
methodology of the measurement, periodicity adopted in the quantification, for how long the mea-
surement was taken, and other meaningful factors. The goal of this table is to present a concise
summary of the key features regarding FW quantification, which should allow the reader to get an
overall knowledge of the subject quickly.

Regarding the context of the descriptive analysis, most papers focus on FW in the hospitality
sector, with schools as the highlight (Endres et al., 2003; Ferreira et al., 2013; Chapman et al.,
2017; Lubura et al., 2022; Malefors et al., 2022; Persson Osowski et al., 2022). The quantification
of FW produced by consumers/households is closely behind (Conrad et al., 2018; Grainger et al.,
2018; Fanelli, 2019; Vittuari et al., 2020; Afzal et al., 2022; Kandemir et al., 2022), followed by
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the quantification on a city (Thanh et al., 2010; Al-Maliky and ElKhayat, 2012) and country scale
(Adelodun and Choi, 2020; Alshabanat et al., 2021).

Respecting the type of data used for the quantification, 12 of the 17 studies use primary data,
i.e. data gathered by the research team (Endres et al., 2003; Thanh et al., 2010; Al-Maliky and
ElKhayat, 2012; Ferreira et al., 2013; Pirani and Arafat, 2016; Chapman et al., 2017; Grainger
et al., 2018; Fanelli, 2019; Afzal et al., 2022; Lubura et al., 2022; Malefors et al., 2022; Pers-
son Osowski et al., 2022), and the remaining five use secondary data (Conrad et al., 2018; Adelo-
dun and Choi, 2020; Vittuari et al., 2020; Alshabanat et al., 2021; Kandemir et al., 2022), i.e., data
gathered by a third-party.

Concerning the FW measures adopted, most studies quantify FW either as an absolute quan-
tity (Al-Maliky and ElKhayat, 2012; Ferreira et al., 2013; Pirani and Arafat, 2016) or as a mean
amount per meal or individual (Endres et al., 2003; Thanh et al., 2010; Pirani and Arafat, 2016;
Conrad et al., 2018; Grainger et al., 2018; Fanelli, 2019; Alshabanat et al., 2021; Afzal et al., 2022;
Malefors et al., 2022; Persson Osowski et al., 2022). Only a few studies present the percentage
of FW in reference to the total amount of waste/food produced (Pirani and Arafat, 2016; Conrad
et al., 2018; Alshabanat et al., 2021) or the average percentage of FW per meal (Chapman et al.,
2017; Kandemir et al., 2022; Lubura et al., 2022). It should be noted that some studies present

their results using different metrics.



Table 4.2: Summary table for the descriptive analysis

Authors Context Type of Data collection method Factors collected Data Periodicity Observation period
data
Endres et al School Primary Weighing 10 samples randomly selected from plates Amount served, amount consumed Absolute per plate Daily 3 weeks
(2003) ready for the serving cart
Thanh et al City Primary Weighing biodegradable and non-biodegradable Kitchen waste Absolute per household Daily 1 month
(2010) wastes (Fev-Mar 2009), 2
weeks
(Oct 2009)
Al-Maliky  and City Primary FW and purchases weighed in grams. Questionnaire Kitchen FW, no. of family members, food purchases Absolute total Weekly 8 months
ElKhayat (2012) on the no. of family members and income (Nov 2011-Jun 2012)
Ferreira et al. University Primary Weighing raw and cooked food available for distribu- Ratio between plate waste and the quantity of food Absolute total Daily 4 weeks
(2013) canteen tion distributed, subtracting the weight of leftovers (Oct-Nov 2010)
Pirani and Arafat Hotel Primary Weighing the ingredients used for the meal and FW Preparation waste, plate waste, waste from serving Absolute total, absolute Daily 2 years
(2016) (material flow analysis) dishes per guest, percentage of (2012-2013)
total input of cooked
food
Chapman et al. School Primary Weighing 10 trays before serving for reference and Tray waste (entrée, fruit, vegetable, milk) before and Percentage of lunch Daily 8 weeks
(2017) weighing all trays after the meal after reverse recess consumed per student (Jan-Apr 2014)
Conrad et al. Consumer Secondary Estimation of food loss through loss factors taken FW items, FL items Absolute per capita, Yearly 8 years
(2018) from published studies and discussions with com- FW percentage (2007-2014)
modity experts. Dietary and composition of mixed
dishes data taken from surveys
Grainger et al. Household Primary Weighing household waste collected from the kerb- Avoidable waste per household Absolute per household - 1 year
(2018) side (2012)
Fanelli (2019) Household Primary Survey Food waste Absolute per capita Daily April 2017 and July
2018
Adelodun and Country Secondary Top-down mass flow analysis FW by food commodity type and by FSC stage Absolute per food com- - 11 years
Choi (2020) modity type (2007-2017)
Vittuari et al. Consumer Secondary Estimation of food loss through loss factors taken Refrigerated FW, non-refrigerated FW, home FW, out Absolute total Yearly 8 years
(2020) from published studies and discussions with com- of home FW (2005-2012)
modity experts.
Alshabanat et al. Country Secondary Mass flow analysis Amount of food loss and food waste of 19 food prod- Percentage per food Yearly 1 year (2016)
(2021) ucts group, absolute per
capita
Afzal et al Hospitality Primary Questionnaire surveys (restaurants, hotels and wed- Food waste Waste per customer, Daily Questionnaire surveys:
(2022) ding caterers); live-tracking: weighing machine percentage waste 4 months
(restaurants) (Nov 2010 - Fev 2021);
Live-tracking: 7 days
Kandemir et al. Household Secondary HHSM built using ARENA Simulation Software with Milk wasted Percentage per house- Daily 50 years, 30 replica-
(2022) 7 different scenarios hold tions
Lubura et al School Primary Employment of a convolutional neural network Food waste Percentage per portion - -
(2022) (CNN) to classify % of food waste through images
Malefors et al. School Primary Weighing the mass of waste Kitchen waste; serving waste, plate waste Absolute per portion Daily (with 7 years (spring 2014 -
(2022) some Nas) autumn 2020)
Persson Osowski School Primary Performed by the kitchen staff Kitchen waste, serving waste, plate waste Absolute per guest Daily (with 7 years (spring 2014 -
etal. (2022) some Nas) autumn 2020), 9 years

(2012-2020)

0¢
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Three studies do not mention the periodicity of the waste quantification (Grainger et al., 2018;
Adelodun and Choi, 2020; Lubura et al., 2022). Of the 14 that do, 11 measure FW daily (Endres
etal., 2003; Thanh et al., 2010; Ferreira et al., 2013; Pirani and Arafat, 2016; Chapman et al., 2017;
Fanelli, 2019; Afzal et al., 2022; Kandemir et al., 2022; Malefors et al., 2022; Persson Osowski
et al., 2022), one measures it weekly (Al-Maliky and ElKhayat, 2012), and three measures FW
yearly (Conrad et al., 2018; Vittuari et al., 2020; Alshabanat et al., 2021).

It is vital to examine the analysis period in conjunction with the periodicity. The studies
that measure FW daily have an observation period that ranges from three weeks to eight weeks
(Endres et al., 2003; Thanh et al., 2010; Ferreira et al., 2013; Chapman et al., 2017; Conrad et al.,
2018; Kandemir et al., 2022; Malefors et al., 2022; Persson Osowski et al., 2022), except for
Malefors et al. (2022) that collected data for seven years, and Persson Osowski et al. (2022) that
collected data for seven and nine years. This range roughly translates to about 15 to 40 weekdays
(observations), as FW on weekends is usually not measured.

Although Pirani and Arafat (2016), Fanelli (2019), and Afzal et al. (2022) present a daily
periodicity of measurement, they were not considered in this analysis period evaluation since the
first was performed throughout two years but considered ten different events that happened over
a single day, and the former two because the data presented is a product of surveys that do not
mention for what period should the participants answer to.

In contrast, Al-Maliky and ElKhayat (2012) measures FW weekly during eight months (around
34 observations) (Al-Maliky and ElKhayat, 2012), while studies that adopt a yearly periodicity
measure FW in one (Alshabanat et al., 2021) to eight years (Conrad et al., 2018; Vittuari et al.,
2020).

Depending on the information disclosed, it was possible to extrapolate the amount of FW
expected in a year and attain a value that can be easily compared between studies. We assumed
that a year was compromised of 260 weekdays (52 weeks) and computed, whenever possible, the

yearly FW (260 days) for the total number of individuals considered in each study.
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Table 4.3: Amount of FW in the descriptive analysis

Authors Context Data No. of individuals Average yearly amount of Average yearly amount
FW (kg) for the total no. of of FW per individual
individuals (kg)

Endres et al. (2003) School Absolute per plate 39 students children 2352.48; 1733.941 60.32; 44.46!

Thanh et al. (2010) City Absolute per household 100 households in first 6196.09 - 6360.12 61.96 - 63.60

stage; 60 in second (av-
erage 4,41 residents per
household)

Al-Maliky and City Absolute total 61 adults, 44 children 272.46 2.59

ElKhayat (2012)

Ferreira et al. (2013) University Absolute total 988 individuals 20,540 20.80

Pirani and  Arafat Hotel Absolute total, absolute per guest, 1,202 guests 337,818 281.05

(2016) percentage of total input of cooked

food

Chapman et al. (2017) School Percentage of lunch consumed per 20,183 students -

student

Conrad et al. (2018) Consumer Absolute per capita, percentage of 35,507 consumers 3,895,828 109.72

FW

Grainger et al. (2018) Household Absolute per household 1,770 individuals 433,680 245.02

Fanelli (2019) Household Absolute per capita 1008 households® 24.07% 23.90

Adelodun and Choi Country Absolute per type of food commod- 49,170,125 individuals 4,682,616,000 95.23

(2020) ity

Vittuari et al. (2020) Consumer Absolute total - 58,000 -

Alshabanat et al. (2021) Country Loss and Waste rates; FLW rates; 31,742,580 people 5,840,635,000 tones 184

FLW per capita

Afzal et al. (2022) Restaurant (n=3) Absolute total, Absolute per cus- 107,250 39.9

tomer, Percentage of total food

Kandemir et al. (2022) Households / Percentage of milk purchased per UK population -

country household

Lubura et al. (2022) School Percentage per portion 30 students - -

Malefors et al. (2022) School Absolute per portion 3227 56,047 - 62,255 17.40 - 19.30

Persson Osowski et al. School (n=3) Absolute per guest B3:700; A1:400; 8190; 10192; 83203 11.70; 25.50; 16.603

(2022) B1:500°

! The same group of students are presented with traditional and soy-enhanced menus in different time periods
2 Households have between 1 and 7+ members, thus estimations were performed per household instead of per individual
3 Three different schools inspected in different time periods

For studies that quantify FW in several food service establishments simultaneously, the yearly
amount of FW is estimated for each food service establishment and only then aggregated into a
single value, i.e. the sum of the values obtained for each one. Table 4.3 displays the extrapolated
amounts of yearly FW for the sample of individuals considered in each study and per individual.

The sample of individuals considered in the studies varies considerably, going from 39 in-
dividuals (Endres et al., 2003) to an entire country (Alshabanat et al., 2021). The yearly waste
can range from 2.59 kg per individual (Al-Maliky and ElKhayat, 2012) to 281.05 kg (Pirani and
Arafat, 2016). Please note that these values should not be compared since the conditions behind
the waste quantification were not the same, i.e. they happened in different settings, different lo-
cations, and the yearly estimates may be based on data collected in different periods of the year.
Additionally, extrapolation of yearly amounts can neglect or propel certain FW behaviors that

concern only certain months of the year - seasonal cycles.

4.4.2 Predictive analysis

Regarding predictive analysis, we identified 39 studies that focus on forecasting. These papers
can be distinguished based on the prediction targets. The literature presents studies aiming at
predicting: a) future demand (or a proxy of it) in order to minimize future FW, b) amount of FW,
or ¢) SL or expiration date of perishable food products.

The first group of studies is more in line with the objective of developing tools to avoid FW

generation, which has a more practical usage in the field. On the other hand, the second group of
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studies enables an understanding of the factors that impact FW and estimate the amount of FW
that may be generated in the future if there is no change in the current trend. The third group of
papers has a purpose similar to future demand studies in the sense that its results may help food

services manage their inventory and consequently prevent FW generation.

4.4.2.1 Demand

Only 14 of the above-mentioned 39 studies predict future demand. These studies use mostly
causal models, with some employing models based on time series to forecast future demand or
a proxy of it. This and additional information on the 39 studies are presented in Tables 4.4 and
4.5. In relation to causal models, the most predominant algorithms are the neural networks (NN)
(Arunraj and Ahrens, 2015; Sakoda et al., 2019; Lee et al., 2020; Faezirad et al., 2021; Malefors
et al., 2021b; Lutoslawski et al., 2021; Miguéis et al., 2022; Malefors et al., 2022) and Random
Forests (RF) (Malefors et al., 2021a; Miguéis et al., 2022). Models based on time series are mainly
supported by algorithms such as ARIMA (autoregressive integrated moving average) and its varia-
tions (Arunraj and Ahrens, 2015; Mgller Christensen et al., 2021; Posch et al., 2021; Sakoda et al.,
2019), TBATS (Trigonometric seasonality, Box-Cox transformation, ARMA errors, Trend and
Seasonal components) (Dharmawardane et al., 2021; Posch et al., 2021), naive (Malefors et al.,
2021b; Mgller Christensen et al., 2021; Posch et al., 2021), and Prophet (Malefors et al., 2021b;
Posch et al., 2021).

The external variables most frequently used to explain the demand in the causal models are
holidays, day, month, year, and reservations. Apart from these, there are three other factors that
appear in the studies, namely Covid-19 cases (Malefors et al., 2021a), which highlights the impact
of this virus on society, weather conditions (Arunraj and Ahrens, 2015; Miguéis et al., 2022), and

the menu served (Faezirad et al., 2021).

The data granularity in all but three studies (Noone and Coulter, 2012; Lee et al., 2020;
Mobaseri et al., 2021) is daily. This aligns with the forecasting granularity, which is also mostly
daily. Although there is a clear trend in the data periodicity, this is not the case for the time hori-
zon. The time horizon of the data collected to support these predictions ranges from 90 days to
11 years, with no clear trend on what is most popular. For instance, Mobaseri et al. (2021) col-
lected data for 11 years but with a yearly periodicity translating into 11 observations. In contrast,
Malefors et al. (2021a) and Malefors et al. (2021b) have a time horizon of 10 years and a daily
periodicity translating to around 2600 weekdays worth of observations (260x10).

Regarding model performance evaluation, in general, the data used can be divided into train-
ing, test, and validation periods. The 14 studies rarely mention the validation period, but most
refer to having a test period. Most studies use either a rolling window or a moving window
(Sakoda et al., 2019; Lee et al., 2020; Malefors et al., 2021b; Posch et al., 2021; Lutoslawski
et al., 2021; Miguéis et al., 2022), even when causal models are employed. Four studies use k-
fold cross-validation (Arunraj and Ahrens, 2015; Faezirad et al., 2021; Malefors et al., 2021a;
Mgller Christensen et al., 2021).
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The most used forecasting performance measures are the Mean Square Error (MSE) and the
Mean Average Error (MAE) and their variations, e.g., the Root Mean Square Error (RMSE),
weighted Mean Absolute Percentage Error (WMAPE), Mean Error (ME), and Mean Absolute
Percentage Error (MAPE). Although the R2 error is a well-known metric in the field of machine
learning/forecasting, only two of the studies use it (Faezirad et al., 2021; Miguéis et al., 2022).
Other less frequently used measures are the Bias coefficient (Dharmawardane et al., 2021) and F1
score (Lee et al., 2020).

Finally, in general, the performance of the models needs to be benchmarked in order to de-
termine their potential impact. When previous estimates are available, these can be selected to
evaluate the actual impact of the models. When demand estimates are unavailable, it is possible
to create a baseline model to mimic a potential forecasting model. This baseline model can be
as simple as a naive model replicating how a manager would estimate future demand. Then, the
estimated values produced by the proposed models can be compared with those from the baseline
model. In the set of studies analyzed in this review, four studies introduce a baseline model and
compare the forecasts of the proposed models and the baseline (Arunraj and Ahrens, 2015; Lee
et al., 2020; Dharmawardane et al., 2021; Mgller Christensen et al., 2021).

One of these studies uses the Holt-Winters method as a baseline against the developed TBATS
model (Dharmawardane et al., 2021). These authors tested two different settings, wherein the
first setting the developed model was better than the baseline with a lower RMSE (3% to 26%
reduction), MAE (2% to 30% reduction), ME (51% to 89% reduction), and forecast bias (28%
to 57% reduction). In the second setting, however, the model proposed presented worse results
with a higher RMSE (3% to 13% reduction) and MAE (4% to 35% reduction), a ME ranging from
-71% up to +100%, and a forecast bias ranging from -41% up to +12% when compared to the
baseline. The forecasting LSTM-based model developed in Lee et al. (2020) led to a higher F1
score of 10% to 21% over the collaborative filter-based model (baseline).

As for Arunraj and Ahrens (2015), SARIMA (seasonal ARIMA) variants (SARIMA-MLR,
SARIMA-QR, SARIMA) and a neural network (MLPNN) were tested, achieving a lower MAPE
(decrease between 8.75 and 11.81 percentage points) and RMSE (decrease between 3.73 and 4.19)
when compared against the seasonal naive model used as the baseline. Lastly, Miguéis et al. (2022)
adopted a panoply of algorithms - LSTM, Feedforward NN, SVM, RF, and Holt-Winters - and
tested their performance against a baseline developed by employing a naive approach. The best
prediction output was able to beat the baseline forecasts in all metrics, decreasing the RMSE by
8.14 (from 35.96 to 27.82), the MAE by 3.38% (24.01%-20.63%), the MPE by 6.71% (24.57%-
17.86%), and the MNE by 3.04% (23.52%-20.48%).

Additionally, three studies mention an improvement but not the technique used as a baseline.
From these, Malefors et al. (2021a) reduced costs by 17% and 63% depending on the kitchen (a
total reduction of 30%), Malefors et al. (2021b) reduced the MAPE from 20-40% to 2-3%, and
Faezirad et al. (2021) reduced FW by 79.66%.



Table 4.4: Summary table for the predictive analysis of demand - part 1

Authors Context Algorithm adopted Dependent variable adopted Independent variables adopted Error / performance Perio- Input
measure dicity period
Noone and Coulter Restaurant Cook-decision algorithms based on Demand of individual products Guest arrival - - 90 days
(2012) Zaxby’s specific operating rules and (no. of unmet orders)
procedures
Arunraj and Ahrens Retail SARIMA-MLR, SARIMA-QR, Banana sales Day, month, holiday (before and after), promotional effect, dis- MAPE, RMSE Daily 5 years
(2015) SARIMA, MLPNN count effect (discounted sales), weather (relative humidity, tem- (2010-2014)
perature, sunshine duration, fresh snow depth, and snow depth)
Sakoda et al. (2019) Retail ARIMA, NN, Exponentially Demand of perishable items - - Daily 90 days
weighted moving average (2010)
Lee et al. (2020) Retail LSTM-based model Set of items to be purchased next Purchasing information and purchasing order F1 score - 1 year
time by a consumer (2017)
Dharmawardane Retail TBATS Sales - RMSE, MAE, ME, Daily 136 weeks
etal. (2021) Bias (2015-2018)
coefficient
Faezirad et al University NN with chance-constrained pro- Users’ show rate (times no. of ‘Weekdays, consecutive holidays, food price level, food name, no. MSE, MAE, R2 Daily 7 years
(2021) gramming students = no. of meals served) of reservations by academic degree, no. of reservations by accom- (2013-2019)
modation status, ratios of previous attendance
Lutoslawski et al. Retail Nonlinear autoregressive exoge- Demand of products - MAE, MAPE, RMSE, Daily 2 years
(2021) nous model in combination with and R2 (2017-2019),
neural networks (NARXNN) 3.5 years
(2016-2019)
Malefors et al. School Random forests No. of meal portions Holiday, year, day of the year, quarter, month, trend, weekday, MSE, MAPE, cMAPE, Daily 10 months
(2021a) weekend, week. Specific variables for individual kitchens: no. ARB (2019-2020)
of daily new Covid-19 cases in the municipality of the kitchen,
identification of post March 19, 2020
Malefors et al. School Benchmark scenario, last value, No. of portions served No. of guests, dates for holidays and breaks with activity, enrolled MAPE Daily 10 years
(2021b) moving average, Prophet, NN students per school and school year as of October (2010-2019),
5 years
(2015-2019),
4 years
(2016-2019)
Mobaseri et al. Country Linear regression (considers a con- Food demand Yearly 11 years
(2021) stant increase afterwards) (2004-2015)
Mgller Christensen Retail Naive, naive with seasonality and Demand of products - RMSE, wMAPE, wQL, Daily 12 months
etal. (2021) moving average, ARIMA, Theta, wSLE
Exponential ~smoothing (ETS),
combination model (arithmetic
mean value from ARIMA, Theta
and ETS)
Posch et al. (2021) Restaurant Bayesian  generalized additive Quantity of menu items sold - MAD, MSE, MAPE, Daily 20 months
and staff (normal & negBinom), PhophetS, MFE, WAPE, MAAPE,
canteen PhophetA, ARIMA, SARIMA, MASEI, MASE7,
ExpSmooth, TBATS PICP, PINAW, MSISI,
MSIS7
Miguéis et al Retail LSTM, Feedforward NN, SVR, Fish sales Month, first week of the month, last week of the month, day of the RMSE, MAE, MPE, Daily 3 years
(2022) Random Forests, Holt-Winters week, summer period, unit price, discount percentage, sales, lent, MNE (2017-2019)
public holidays, expected precipitation, expected temperature
Malefors et al. School Neural network Number of guests - - Daily 7 years

(2022)

(2014-2020)

98



Table 4.5: Summary table for the predictive analysis of demand - part 2

Authors Context Algorithm adopted Validation method FC Improvement Algorithm in baseline Dependent  vari- Independent
period ahead (%) able in baseline variables  in
baseline

Noone and Coulter Restaurant Cook-decision algorithms based on - - - - - -

(2012) Zaxby’s specific operating rules and

procedures
Arunraj and Retail SARIMA-MLR, SARIMA-QR, Training (70%) and valida- - MAPE from 35.28 to 23.47-26.53, Seasonal naive model Daily -
Abhrens (2015) SARIMA, MLPNN tion (30%) sets RMSE from 23.08 to 18.89-19.35, (last week values with- demand
accuracy from 64.72% to 75.82%-76.53% out promotions and/or
holidays)

Sakoda et al Retail ARIMA, NN,  Exponentially Rolling window Next day - - - -

(2019) weighted moving average (63 days)

Lee et al. (2020) Retail LSTM-based model Multi-period, 5 days, Multi-period: F1 score 10-21% higher; Moving window: Collaborative filter- Recommended Purchasing his-
moving window, next day F1 score 17% higher based model set of items to be tory
rolling window purchased  next

time

Dharmawardane Retail TBATS Rolling and moving win- 4 weeks, Fast moving: RMSE 3%-26% lower, MAE 2%-30% lower, Holt-Winters  (rolling Sales -

etal. (2021) dow 18 weeks ME 51%-89% lower, forecast bias 28%-57% lower; Highly window every 4 weeks)
(132 days) intermittent: RMSE 3%-13% higher, MAE 4%-35% higher,

ME 71% lower up to 100% higher, forecast bias 41% lower
up to 12% higher

Faezirad et al University NN with chance-constrained pro- Training (70%), validation 1 year FW reduced by 79.66% - - -

(2021) gramming (15%), and testing (15%)
sets

Lutoslawski et al. Retail Nonlinear autoregressive exoge- Rolling window (last 4% Between 1-8 - - - -

(2021) nous model in combination with and 10% of observations) days

neural networks (NARXNN)

Malefors et al. School Random forests Holdout cross-validation All at once Total: -30% costs against no plan, and +5% against actual - - -

(2021a) (2 weeks for kitchen 1, 3 data; Kitchen 1: -17% costs against no plan, and +0.2%
weeks for kitchen 2) against actual data; Kitchen 2: -63% costs against no plan,

and +45% against actual data

Malefors et al. School Benchmark scenario, last value, Rolling window Next day MAPE decrease from 20%-40% to 2%-3% - - -

(2021b) moving average, Prophet, NN (1 year)

Mobaseri et al. Country Linear regression (considers a con- - Next year

(2021) stant increase afterwards)

Mgller Chris- Retail Naive, naive with seasonality and Rolling window Next day - ‘Weekday pattern analy- Total -

tensen et al. (2021) moving average, ARIMA, Theta, (1 year) sis demand

ETS, combination model (arith-
metic mean value from ARIMA,
Theta and ETS)
Posch et al. (2021) Restaurant Bayesian  generalized additive Reverse rolling window - - - - -
and staff (normal & negBinom), PhophetS, with 15 k-folds
canteen PhophetA, ARIMA, SARIMA, (14 testing sets)
ExpSmooth, TBATS

Miguéis et al Retail LSTM, Feedforward NN, SVR, Rolling window: valida- Two days af- RMSE from 35.96 to 27,82-33,13,

(2022) Random Forests, Holt-Winters tion (6 months), test (1 ter MAE from 24,01% to 20,63%-25,07%,
year) MPE from 24,57% to 17,86%-31,08%,

MNE from 23,52% to 20,48%-21,81%
Malefors et al. School Neural network - - - - - -

(2022)

9¢
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4.4.2.2 Food waste

Concerning FW prediction, 13 studies were found with all its identified features displayed in Ta-
bles 4.6 and 4.7. Mobaseri et al. (2021) was also considered in this category along with the demand
forecast category, as it does both demand and FW forecast. Unlike the future demand forecasts,
most studies on FW prediction consider a yearly periodicity. Moreover, these studies tend to focus
on the waste of an entire city/municipality instead of just a food service establishment. Only three
papers deviate from this trend and focus on a food company instead (Kazancoglu et al., 2018;
Garre et al., 2020; Kodors et al., 2022). They all present a different periodicity, namely a daily,
weekly, and yearly granularity.

In terms of the forecasting models adopted, most studies use causal models (Shapiro-Bengtsen
et al., 2020; Garre et al., 2020; Ayeleru et al., 2018; Hall et al., 2009; Srivastava and Nema, 2008;
Ozkan et al., 2021; Melikoglu, 2020; Mobaseri et al., 2021). All of these eight studies use regres-
sion algorithms (linear regression, multi-linear regression, fuzzy regression), with Garre et al.
(2020) also employing random forests and gradient boosting. The other studies adopt a GM
(1,1) grey rolling model (Kazancoglu et al., 2018), a simple percentage growth each year (Lee
et al., 2019), a Q-learning (Q-table) based reinforcement learning (Dey et al., 2022), an ANN with
Bayesian hyperparameter optimization (Hoy et al., 2022), and a Monte Carlo simulation (Kodors
et al., 2022).

In terms of variables, the dependent variable adopted in most studies is the amount of FW
(Garre et al., 2020; Srivastava and Nema, 2008; Ozkan et al., 2021; Melikoglu, 2020; Mobaseri
et al., 2021; Hoy et al., 2022; Lee et al., 2019). The others forecast municipal solid waste (MSW)
(Shapiro-Bengtsen et al., 2020; Ayeleru et al., 2018), milk production (Kazancoglu et al., 2018),
food intake and assume that a fixed percentage of these variables is FW (Hall et al., 2009), and
plate waste (Kodors et al., 2022).



Table 4.6: Summary table for the predictive analysis of FW - part 1

Authors Context Algorithm adopted Dependent variable adopted Independent variables adopted Error /  perfor- Perio- Input
mance measure dicity period
Srivastava and City Fuzzy regression Percentage of components of the Socioeconomic conditions (per capita income, GDP, individuals - Yearly 3 years
Nema (2008) total waste (paper, plastic, metal, per household, total population, population density), solid waste (1989, 2000,
glass, rags, inert, food) composition (paper, plastics, food, metal, glass, other wastes) 2006)
Hall et al. (2009) Country Linear regression FW Average food intake (in reference to the average body weight), - Yearly 31 years
food supply (1974-2004)
Ayeleru et al. City Linear regression MSW (uses historical FW % to Population, no. of households MAPE, MAD, Yearly 20 years
(2018) estimate current FW) MSD, R2 (1996-2015)
Kazancoglu et al. Food com- Grey rolling model Milk production (uses histori- - Absolute error, tra- Yearly 7 years
(2018) pany cal waste % to estimate current ditional error anal- (2007-2013)
waste) ysis
Leeetal. (2019) City Scenario analysis (utilization rate of Annual amount of food waste Forecast values of annual waste sent to landfills, utilization rate - Yearly -
the Organic Waste Treatment Facil- sent to landfills of the OWTF
ity (OWTF) =0,1; 0,47; and 0,9)
Garre et al. (2020) Food com- Regression (linear with stepwise se- Production losses Total input weight used for production, filler used, no. of mixers RMSE, MAE, R2 Daily 10 months
pany lection, ridge, lasso, spline), re- required, type of container, main component of the recipe, type
gression tree, bagged tree, random of product, type of filler used, homogenizer used, minimum and
forests, gradient boosting, and elas- maximum Brix degree values of ingredients, minimum and max-
tic net imum water activity of ingredients, minimum and maximum pH
of ingredients
Melikoglu (2020) Hospital Linear regression Yearly FW generation No. of hospital beds, FW generation per bed per day, average - Yearly 16 years
yearly bed occupancy rate (2003-2018)
Shapiro-Bengtsen Country Multi-linear regression MSW quantities (assumes 56% is Urban population, real disposable household income R2, DW Yearly 15 years
et al. (2020) FW) (2003-2017)
Mobaseri et al. Country Linear regression (FW = 30%-40% FwW Forecast food demand - Yearly 11 years
(2021) of food demand) and scenario anal- (2004-2015)
ysis (FW reduction by 10, 25 and
35%)
Ozkan et al. (2021) City Regression (linear, exponential, FwW Income, population SSE, RMSE - -
polynomial)
Dey et al. (2022) Households Q-learning (Q-table) based rein- Amount of food that should be - Food surplus and Weekly 1 year
forcement learning reduced or increased in the food food security (Dec 2020 -
surplus Nov 2021)
Hoy et al. (2022) Country ANN with Bayesian hyperparame- FW Social (e.g., population, life expectancy, and fertility rate), eco- RMSE, MAE Yearly 35 years
ter optimization nomic (e.g., gross domestic product, gross national income, and (1985-2020)
gross national expenditure), and environmental (e.g., CO2 emis-
sions, energy use, and electricity consumption) indicators
Kodors et al. School Monte Carlo Plate waste Portion size, eating rate, eating habits, children’s preferences RMSE, MAPE Weekly 1 month
(2022) (June-July

2021)

86



Table 4.7: Summary table for the predictive analysis of FW - part 2

Authors Context Algorithm adopted Validation method FC period ahead Improvement Algorithm in baseline Dependent variable in Independent variables
(%) baseline in baseline
Srivastava and City Fuzzy regression - 18 years - - - -
Nema (2008) (2007-2024)
Hall et al. (2009) Country Linear regression - - - - - -
Ayeleru et al. City Linear regression Testing set (100%) 10 years - - - -
(2018) (2016-2025)
Kazancoglu et al. Food com- Grey rolling model Rolling window Next day - - - -
(2018) pany (3 years)
Leeetal. (2019) City Scenario analysis (utilization rate of - 4 years - - - -
the Organic Waste Treatment Facil- (2011-2014)
ity (OWTF) = 0,1; 0,47; and 0,9)
Garre et al. (2020) Food com- Regression (linear with stepwise se- Training and validation set - - - Production planning Number of tanks to be
pany lection, ridge, lasso, spline), re- (70% of the data) where a 10 used, final packaging
gression tree, bagged tree, random k-fold is applied, and a test- format
forests, gradient boosting, and elas- ing set (remaining 30% of
tic net the data)
Melikoglu (2020) Hospital Linear regression - - - - - -
Shapiro-Bengtsen Country Multi-linear regression Testing set (100%) 31 years - - - -
et al. (2020) (2020-2050)
Mobaseri et al. Country Linear regression (FW = 30%-40% - 11 years - - - -
(2021) of food demand) and scenario anal- (2004-2015)
ysis (FW reduction by 10, 25 and
35%)
Ozkan et al. (2021) City Regression (linear, exponential, K-fold cross-validation - - - - -
polynomial)
Dey et al. (2022) Households Q-learning (Q-table) based rein- - - - - - -
forcement learning
Hoy et al. (2022) Country ANN with Bayesian hyperparame- Training (70%) and valida- - - - - -
ter optimization tion (30%) sets
Kodors et al. School Monte Carlo - 1 Week - - - -

(2022)

6S
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Concerning the predictor variables, there is no consensus on the variables adopted other than
the population (Shapiro-Bengtsen et al., 2020; Ayeleru et al., 2018; Ozkan et al., 2021; Hoy et al.,
2022) and income/GDP (Shapiro-Bengtsen et al., 2020; Srivastava and Nema, 2008; Ozkan et al.,
2021; Hoy et al., 2022), which appear a handful of times. The other context-specific variables
adopted are food intake and food supply (Hall et al., 2009), the number of formally employed
and unemployed people (Ayeleru et al., 2018), production characteristics (Garre et al., 2020), the
number of hospital beds and bed occupancy rate (Melikoglu, 2020), environmental indicators (Hoy
et al., 2022), and eating rate and habits (Kodors et al., 2022). It is worth noting that some of these
variables are calculated based on others. For instance, Hall et al. (2009) calculates food intake by
considering the average body weight, and Adhikari et al. (2006) calculates GDP and population
growth by assuming a fixed year-to-year growth.

Even though the papers in this sub-category tend to forecast the amount of FW, they do not
compare these predictions with other known forecasts. Only Garre et al. (2020) mentions a base-
line for comparison, but it does not disclose the values generated by its baseline nor does it quantify
the improvement in any way.

Lastly, regarding the error measures adopted, only half of the papers present an error measure.
In these cases, the RMSE (Shapiro-Bengtsen et al., 2020; Ozkan et al., 2021; Hoy et al., 2022;
Kodors et al., 2022) is the most popular measure, followed by the R2 (Shapiro-Bengtsen et al.,
2020; Garre et al., 2020; Ayeleru et al., 2018), MAPE (Ayeleru et al., 2018; Kodors et al., 2022),
MAE (Hoy et al., 2022) and absolute error (Kazancoglu et al., 2018).

4.4.2.3 Shelf-life

In what concerns the forecast of the shelf-life (SL) of products, 13 different studies were identified
with their key features presented in Tables 4.8 and 4.9. From these, almost all (11 studies) operate
in the retail settings (Annese et al., 2014; Garcia et al., 2015; Sciortino et al., 2016; Goransson
et al., 2018; Albrecht et al., 2021; Ktenioudaki et al., 2022; Logan et al., 2021; Nair et al., 2021;
Pina et al., 2021; Nugraha et al., 2022; Zou et al., 2022), with the remaining two focusing on
households (Orfanou et al., 2019; Richardson et al., 2019). This disparity comes from SL being a
more retail-oriented problem where retailers need to know the SL, or a proxy of it, to manage and
optimize their inventory.

In terms of the mathematical models adopted to forecast SL, these can be divided into machine
learning and empirical models. The latter is represented by 11 studies that employ the Arrhenius
equation (Arrhenius Law) (Annese et al., 2014; Sciortino et al., 2016; Ktenioudaki et al., 2022; Zou
et al., 2022), regression models - linear, partial least squares, and logistic - (Sciortino et al., 2016;
Goransson et al., 2018; Richardson et al., 2019; Nair et al., 2021; Nugraha et al., 2022), physical
model (Goransson et al., 2018), Guggenheim Anderson—de Boer (GAB) model and Weibull hazard
analysis (Orfanou et al., 2019), and ComBase growth model (Pina et al., 2021).

On the other side, four studies employ machine learning algorithms, namely support vector
machine (Richardson et al., 2019; Nair et al., 2021), Levenberg—Marquardt algorithm (Albrecht
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et al., 2021), convolutional neural network (Logan et al., 2021), decision tree classifier, k-nearest
neighbors, and Gaussian Naive Bayes (Nair et al., 2021).

Regardless of the mathematical model, SL forecasts can be achieved differently. For instance,
Annese et al. (2014) attains SL through the forecast of the degradation rate, while Goransson et al.
(2018) does so through the quality sensory index, Orfanou et al. (2019) through the water sorption
isotherms, Albrecht et al. (2021) through the bacterial count, and Pina et al. (2021) through mi-
crobial growth status. The other proxies of SL identified in other articles were the expiration date
(Nugraha et al., 2022; Zou et al., 2022), the quality of the product (Garcia et al., 2015; Sciortino
et al., 2016), the spoilage (Richardson et al., 2019; Logan et al., 2021), and the ripeness (Nair
etal., 2021).

Concerning the independent variables adopted to forecast SL or its proxy, the most frequent
one is temperature (Annese et al., 2014; Sciortino et al., 2016; Goransson et al., 2018; Orfanou
et al., 2019; Nair et al., 2021; Pina et al., 2021; Nugraha et al., 2022; Zou et al., 2022) followed
by humidity (Annese et al., 2014; Sciortino et al., 2016; Nair et al., 2021; Nugraha et al., 2022),
and light related characteristics (Annese et al., 2014; Richardson et al., 2019; Ktenioudaki et al.,
2022). Additionally, there are also other relevant factors used in these forecasts, such as bacterial /
organism-related characteristics (Garcfa et al., 2015; Pina et al., 2021), CO2 rates (Sciortino et al.,
2016; Albrecht et al., 2021), and PH levels (Albrecht et al., 2021; Pina et al., 2021).



Table 4.8: Summary table for the predictive analysis of shelf-life - part 1

Authors Context Algorithm adopted Dependent variable adopted Independent variables adopted Error / performance mea- Perio- Input
sure dicity period
Annese et al Retail Arrhenius equation Remaining SL through degrada- Temperature, ambient light, humidity - Hourly 24 hours
(2014) tion rate
Garcia et  al Retail Regression SL through quality sensory index Growth of specific spoilage organisms: concentration - Daily Between 5 to 12 days
(2015) of Pseudomonas,
concentration of Shewanella
Sciortino et al. Retail Arrhenius equation Quality of the product CO2 respiration rate, temperature, - Every 10 48 hours
(2016) humidity rate, volatile organic minutes
compounds
Goransson et al. Retail Linear regression, Loss of dynamically Temperature - Every 10 11.6-17.6 days, 5
(2018) physical model predicted SL; Loss of static SL minutes days
Orfanou et al Households Guggenheim Secondary SL through water Storage temperature, product water - Daily Between 6 to 127
(2019) Anderson-de  Boer (GAB) sorption isotherms activity days
model, Weibull hazard analysis
Richardson et al. Households Partial least squares Age of milk through spoilage Spectral profile of the milk RMSE, R2 Every 6 Ten cartons of milk
(2019) regression, support vector ma- hours for 102 hours
chine
Albrecht et al. Retail Levenberg-Marquardt algorithm SL of pork through bacterial PH, CO2 concentration, O2 RMSE, Bf, Af, R2 Every 10 250, 1400 hours
(2021) count concentration, color, texture minutes
(elasticity, cohesion, chewiness,
hardness, gumminess, adhesive strength, springi-
ness), odor
Ktenioudaki et al. Retail Arrhenius equation SL through strawberry appear- ‘Wavelength bands of the spectra RMSE, RPD, R - 385 samples during 9
(2022) ance captured by the hyperspectral imaging technology days (day 0, 1, 3, 5,
7,9)
Logan et al. (2021) Retail Convolutional neural network Freshness classification, age esti- Spectral reflectance (900 spatial pixel x 300 spectral - Daily -
mation pixel image)
Nair et al. (2021) Retail Logistic regression, decision tree Ripeness / overripe Gas level concentrations (mainly Accuracy, ROC AUC Every 30 2 days
classifier, support vector classi- ethylene), temperature, humidity seconds
fier, K-nearest neighbors classi-
fier, gaussian naive bayes
Pina et al. (2021) Retail ComBase growth model SL through Water activity, PH, temperature, initial physiological - Every 12 8 days
microbial growth status state, initial bacterial dose minutes (199 hours)
Nugraha et al. Retail Polynomial regression Chicken meat expiration date Temperature, humidity, NH3, sensor output, times- RMSE, R2 Daily 20 days
(2022) tamp, time difference
Zou et al. (2022) Retail Arrhenius equation SL through Temperature, time Average remaining SL rate, Every 1 and 2 days
expiration date food waste rate, customer minute

demand satisfaction rate,
expired food sold rate

29



Table 4.9: Summary table for the predictive analysis of shelf-life - part 2

Authors Context Algorithm adopted Validation method Improvement Algorithm in baseline Dependent  variable in Independent variables in base-
(%) baseline line
Annese et al. Retail Arrhenius equation - - - - -
(2014)
Garcia et al. Retail Regression - - - - -
(2015)
Sciortino et al. Retail Arrhenius equation - - Microbiological SL - -
(2016) models
Goransson et al. Retail Linear regression, physical model - - - - -
(2018)
Orfanou et al. Households Guggenheim  Anderson-de  Boer - - - - -
(2019) (GAB) model, Weibull hazard analy-
sis
Richardson et al. Households Partial least squares - - - - -
(2019) regression, support vector machine
Albrecht et al. Retail Levenberg—Marquardt - - - - -
(2021) algorithm
Ktenioudaki et al. Retail Arrhenius equation Training set 70%, validation - - - -
(2022) 15%,
testing 15%
Logan et al. (2021) Retail Convolutional neural 10-fold - - - -
network
Nair et al. (2021) Retail Logistic regression, Training set 75%, testing set - - - -
decision tree classifier, 25%
support vector classifier,
K-nearest neighbours
classifier, gaussian naive bayes
Pina et al. (2021) Retail ComBase growth model - - - - -
Nugraha et al Retail Polynomial regression 7 days - Monitoring Chicken meat RFID tag, temperature sensor,
(2022) System expiration date humidity sensor, gas sensor,
RFID reader
Zou et al. (2022) Retail Arrhenius equation - - - - -

€9
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Although these studies do not usually employ any error measure to quantify the SL forecast
performance, it is common for them to check if the real freshness and edibility of the products
match with the forecast. The periodicity of SL forecasts is usually much higher than the ones
presented in the FW forecasts and even demand forecasts. The lowest periodicity is daily (Garcia
et al., 2015; Orfanou et al., 2019; Logan et al., 2021; Nugraha et al., 2022), while the highest is
every 30 seconds (Nair et al., 2021). The most common periodicity is daily, followed by every
10 minutes (Sciortino et al., 2016; Goransson et al., 2018; Albrecht et al., 2021). Considering the
highest periodicity, the input periods are also smaller ranging from 1 to 127 days. However, these
studies consider the same number or more observations than those recorded in both demand and
FW forecasts.

It is unclear if most of the studies have a testing and validation period, and if they have,
how they perform their validation. Only three of the aforementioned 13 studies disclose their
validation method. Ktenioudaki et al. (2022) randomly divided its samples and used 30% of them
as calibration and validation sets. Similarly, Nair et al. (2021) used 75% of the data available for
training and the remaining 25% for testing, Pina et al. (2021) used the first 20 days for training

and the following seven days for testing.

4.4.3 Prescriptive analysis

A total of ten studies use optimization models in order to either minimize FW or maximize the SL
of products, adopting single-objective linear programming, multi-objective non-linear program-
ming, or something in between. These and other features are shown in Table 4.10.

Most studies embrace a single-objective optimization problem (Vilas et al., 2020; Birisci and
McGarvey, 2022; Kabadurmus et al., 2022; van der Walt and Bean, 2022), using linear, non-linear,
or mixed-integer programming. On the other hand, three studies adopt a multi-objective optimiza-
tion problem (Birisci and McGarvey, 2018; Cristébal et al., 2018; Sedehzadeh and Seifbarghy,
2021). Additionally, two other studies use simulation-based optimization (Buisman et al., 2019;
Kayikci et al., 2022) and one that adopts a system dynamics approach (Ching et al., 2019). From
the single-objective studies, Vilas et al. (2020) employs a metaheuristic - genetic algorithm - to
solve the optimization problem, and Birisci and McGarvey (2022) uses the Hooke-Jeeves algo-

rithm in their problem.



Table 4.10: Summary table for the prescriptive analysis

Authors Context Modeling approach Objective function Decision variables Constraints
Birisci and Mc- Food service Multi-objective non-linear program- Min. waste weight (wasted pre- Adjustment to the forecast production level, minimum forecast level Inventory available, ingredient inventory (pre-
Garvey (2018) provider ming production inventory of ingredients, for which an item can potentially allow for substitution by leftovers, production inventory), inventory of prepared
(derivative-free pattern search algo- wasted post-production inventory of percentage of forecast demand for a menu item for which leftovers will menu items (post-production inventory, aka
rithm) menu items) and shortfalls, be substituted “leftovers™), leftover utilization threshold
min. GHG emission (CO2-eq emissions)
and shortfalls
Cristébal et al. City Multi-objective optimization integer Max. TEIA (total environmental impact Different options for food waste prevention and management to be im- Budget
(2018) linear programming avoided) and make TFC (total annual fi- plemented
nancial cost ) less than or equal to a given
target values (different budgets)
Buisman et al. Retail Simulation-based optimization Max. Profit Safety factor, ordering level, profit, waste (%), shortages (%) in terms Discount levels, replenishment quantities, SL
(2019) (mathematical or dynamic program- of waste, profit, shortages and product quality (fixed or dynamic) days, LEFO/FEFO ratio
ming)
Ching et al Retail System dynamics Min. time a unit spends in the system Inventory policies (FIFO and LIFO) and the quality and sustainability -
(2019) from production to sale implications of these policies
Vilas et al Retail Mixed-integer programming with a Max. SL Film thickness, initial carvacrol concentration in each layer Safety constraints (Listeria concentration at fi-
(2020) metaheuristic (differential evolution) (use-by date and best-before date) nal time), design constraints (concentration of
for global optimization, and interior- carvacrol in the food at all times); quality con-
point method for local search straints (freshness indicator value at final time)
Sedehzadeh City Multi-objective mixed-integer linear Min. economic, environmental and social If a new distribution/collection center (RDC) is opened at a location in Changes in the status of RDCs, capacity level

and Seifbarghy
(2021)

Birisci and Mc-
Garvey (2022)

Kabadurmus
et al. (2022)

Kayikci et al.
(2022)

van der Walt
and Bean
(2022)

Food service
provider

Municipalities

Retail

Food service
provider (in-
flight)

programming

Hooke-Jeeves algorithm
(single objective non linear)

Mixed-integer linear programming

Simulation-based optimization
(multi-stage dynamic programming)
Stochastic mixed-integer programming
(single objective: multi-objective pro-
gramming through weighted goal pro-
gramming)

(unsatisfied food banks demand) value

Min. FW (in kg or in kg Co2)

Min. total cost of the circular food supply
chain network

Max. profit (price), Min. FW

Min. number of excess meals on a flight,
max. flight’s passenger satisfaction level

a certain period, if capacity is installed at a location for a product in a
certain period, quantity of a product transported in a certain period from
origin to destination, quantity of a usable returned product transported
in a certain period between nodes, number of fleets transported in a cer-
tain period between nodes via a mode and capacity level, quantity of a
product manufactured at a production/recovery center in a certain pe-
riod, shortage of a product at a distribution/collection center in a certain
period, unused capacity of a fleet mode between pair in a certain period

184 decision variables: Amount to be produced at the beginning of a
day for a menu item, production adjustment to the forecast, threshold
for a menu item, substitution percent for a menu item, target shortfall
probability, available leftover inventory of a menu item of a certain age
at the end of a day, portions served from leftovers of an item of a certain
age served during a day

The amount of food waste type transported through the edge; the
amount of food waste type transferred to a certain node; the amount
of food waste type treated at a certain treatment node with a certain
treatment technology; if a collection, reuse, landfill, incineration facil-
ity is established at a certain node; if a treatment center is established at
a certain node with a certain treatment technology

Pricing strategy

Suggested order and production quantity of a meal option for the par-
ticular flight instance, number of passengers who will receive their first-
choice meal option, number of passengers that are assigned to receive
a meal option as a substitute of another meal option, number of meal
options available

that can be installed at a RDC for a product,
storage capacity, open state of existing centers,
threshold for unsatisfied demand, production
amount, balance of product flow in RDC, bal-
ance of returned products, capacity restrictions,
fleet capacity, total fleet weight, budget

Production adjustment to the forecast, leftover
substitution decision, portions of a menu item
served from new production during a day, in-
ventory availability, usage of leftovers over new
production, amount of food waste generated

Passengers’ substitution behavior, available
stock of meal option, meal quantities are re-
stricted to integer values only, minimum re-
quirement for flight’s passenger satisfaction
level

<9
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There are three main themes that the articles focus on, namely retail (Buisman et al., 2019;
Ching et al., 2019; Vilas et al., 2020; Kayikci et al., 2022), food services (Birisci and McGarvey,
2022, 2018; van der Walt and Bean, 2022), and cities (Cristobal et al., 2018; Sedehzadeh and Seif-
barghy, 2021; Kabadurmus et al., 2022). From the four studies that tackle retail, two of them adopt
simulation-base optimizations with the objective function being maximizing the profit (Buisman
et al., 2019; Kayikci et al., 2022), while the other two focus instead on minimizing the time a
unit spends in the system from production to sale (Ching et al., 2019) and maximizing the SL of
products (Vilas et al., 2020).

In food services context, the focus is on reducing the amount of food waste generated. The
objective function of two studies identified is to minimize the amount in kg of FW produced
(Birisci and McGarvey, 2022, 2018), while the objective of the third study is to both minimize
the number of excess meals to be served and also maximize client satisfaction (van der Walt and
Bean, 2022).

Finally, concerning the papers that study cities, they focus more heavenly on the economic, en-
vironmental, and social spheres of waste. For instance, Sedehzadeh and Seifbarghy (2021) uses an
objective function that tackles all three simultaneously. Meanwhile, Cristébal et al. (2018) focuses
on the economic and environmental sphere, and Kabadurmus et al. (2022) solely on minimizing
the total cost of the circular food supply chain network on a set of municipalities.

The decision variables generally adopted in the studies are usually very content-specific and
are not repeatedly used in different studies. Despite that, if we would group them into broader
categories, the most dominant category of decision variables are inventory management-related
(Birisci and McGarvey, 2018; Buisman et al., 2019; Ching et al., 2019; Birisci and McGarvey,
2022).

The way that the decision variables are presented is also different between studies. Some
studies are very detailed in how they present them, e.g. Birisci and McGarvey (2022) that goes
into detail regarding their 184 decision variables, while others do not present much detail. For

example, Kayikci et al. (2022) only states they are optimizing the pricing strategy.

4.5 Context of the studies

A total of 65 papers in the quantitative stream of the literature involve FW. These studies have
different focuses, namely the retail and hospitality sectors, households in small areas, and entire
countries/the entire world. A small number of studies also tackle food companies (Garre et al.,
2020; Kazancoglu et al., 2018) and hospitals (Melikoglu, 2020). Therefore, when describing these

studies, it is vital to consider not only the type of analysis performed but also the context.

4.5.1 Retail sector

Most of the studies explored within the quantitative stream of the literature on FW are set in the
retail sector, which is a part of the food supply chain. This is the most explored setting, with

a total of 22 papers. However, there are no descriptive analyses in the retail sector, with most
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studies performing predictive analysis - 7 on demand forecast, and 11 on SL - and only four on
prescriptive analysis.

The predictive analyses that tackle demand forecasting consider a large time horizon, ranging
from 90 days to five years with a daily periodicity. As for SL prediction, although it is supported
by a short time horizon, i.e. a few days at best, the number of observations used for this purpose
is considerable due to the high periodicity of data collection, i.e. every 30 seconds to daily data.
On the other hand, the prescriptive analysis performed within the retail context focuses on the
minimization of profit, maximization of SL, and minimization of time that a food product spends

in the system from production to sale.

4.5.2 Hospitality sector

The hospitality sector is the second most popular setting with 14 studies, which includes canteens,
restaurants, and hotels. Among these establishments, canteens are the most frequently explored (8
studies). Although most of the studies explore a single setting at a time, some articles address more
than one simultaneously, as is the case of Posch et al. (2021), which focuses on a staff canteen and
a restaurant.

Out of the three types of analysis - descriptive, predictive, and prescriptive -, the most promi-
nent in the hospitality sector is the descriptive, with eight studies, followed by the predictive with
seven studies, and the prescriptive with two. The time horizon of the data collected by these scien-
tific studies varies, ranging from a couple of days to several years. In general, predictive analysis
entails a longer time horizon than descriptive and prescriptive analysis. However, it should be
noted that the data used for forecasting in the predictive analysis is usually extracted from external

sources and does not result from direct measurements.

4.5.3 Final consumers

There is a group of 18 studies that explore several contexts related to the final links in the FSC,
including households and consumers. These studies address settings that vary from a small number
of people to entire cities. In this category, nine studies implement a descriptive analysis, seven
perform a predictive analysis, and only three of these perform a prescriptive analysis.

Nine studies focus on an entire city. From these, four predict what will be the amount of
FW produced by employing regression or scenario analysis. Three fit into the descriptive analysis
wherein two of these studies resort to primary data to collect the absolute total of kitchen FW.
Only two studies carried out a prescriptive analysis focusing on minimizing the economic and
environmental consequences of FW generation.

From the nine other studies that have a smaller scope, six measure household waste (Orfanou
et al., 2019; Richardson et al., 2019; Dey et al., 2022; Grainger et al., 2018; Fanelli, 2019; Kan-
demir et al., 2020), two focus on consumer waste (Vittuari et al., 2020; Conrad et al., 2018), and

only one measures the waste generated in several municipalities (Kabadurmus et al., 2022).
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4.5.4 Country and world population

A number of studies focus on the waste produced by entire countries or even the entire world. From
these six studies, there are four that perform predictive analysis of yearly FW amount, where most
of them employ regression models (Shapiro-Bengtsen et al., 2020; Hall et al., 2009; Mobaseri
et al., 2021). The other study (Hoy et al., 2022) forecasts future FW by employing an ANN.
Additionally, there are also two studies that measure FW on a country scale, where both take
advantage of secondary data for their analysis (Adelodun and Choi, 2020; Alshabanat et al., 2021).
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4.6 Discussion

The topic of FW has been increasing in popularity, as shown by the increasing number of scientific
papers on the subject published in the last few years. The number of studies published between
2018 and 2022 is far greater than the number of papers published in the previous years, as seen in
Figure 4.2. In fact, throughout these last five years, 52 papers were published, while the combined

number of articles published before is 13.
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Figure 4.2: Number of quantitative articles throughout the years

Although this trend is valid for all types of quantitative analysis, some types of data analytics
studies have a more prominent growth. From the 65 extracted papers, predictive analytics is the
most popular approach (demand, FW, and SL forecasts), followed by descriptive and prescriptive
ones. In parallel, the most scrutinized setting is the retail sector, followed by the hospitality and
final consumer analysis. Although the retail sector is the most common setting, it is the hospitality

sector that encapsulates the three different types of data analytics approaches.

Regarding the descriptive analysis, despite the large number of studies published in the last
years, this growth has not been as significant as in the other types of approaches. Throughout
the years, these studies moved from mainly collecting their own data to retrieving it from a third
party. Although in both cases, the amount of FW is gathered through weighting, the way the data
is presented can differ. The amount of FW is estimated by weighting the FW of every meal, as
seen in case studies focusing on canteens, or by extrapolating the amount of FW from samples of

waste for a bigger sample of individuals, as seen in case studies focusing on households.

Moreover, there is no clear consensus on the metrics used to describe and quantify FW, with
some studies displaying the absolute amount of FW generated in a specific context, and others
presenting a percentage of FW (for example, in a meal). This dissonance, along with others related
to the way FW is measured or estimated, makes it difficult to compile and compare different
measurements, especially if the information disclosed is insufficient to compute a comparable

metric. It is also important to note that these studies address different time horizons when it comes
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to measurements, as well as different contexts. Thus, the reported values of FW vary greatly,
ranging from a few hundred kilograms to millions of kilograms.

Regarding the predictive approach, studies that forecast demand with an integrated FW per-
spective have only started to appear after 2012. However, the popularity of this specific subject has
grown exponentially in recent years, with more scientific papers published in 2021 and 2022 than
in all other years combined. The data used in this setting usually has a daily periodicity, and the
time horizon that supports the analysis ranges from 90 days to 11 years. Many types of algorithms
are adopted, including several causal models and time series models. In the retail setting, the most
common algorithms adopted for forecasting are ARIMA (and its variations) and neural networks.
In contrast, in the hospitality sector, the most common algorithms are neural networks, ARIMA,
TBATS, random forests, and naive models.

For causal models as a whole, the most popular external variables considered are holidays,
day, month, year, and reservations. Different error measures are also employed to test forecast
accuracy, with the most common being the MSE and MAE and their variations. Some studies also
compare the performance of the developed models with some baseline models to show that more
complex algorithms can have real positive effects on the operations of food establishments. In
these cases, the results of the forecast models are 3% to 63% better than the ones provided by the
baseline models.

Predictive approaches have been applied to the FW forecast setting ever since 2008. However,
there are only two studies published before 2017, with the remaining 11 studies being published
between 2018 and 2022. The papers dedicated to predicting FW usually handle yearly data and,
thus, provide forecasts with a yearly periodicity. Generally, these studies estimate MSW or urban
waste and then consider a percentage of it as FW, based on historical data. Moreover, even the
studies that forecast FW directly usually employ regression analysis algorithms. Nevertheless,
there are also a couple of studies that adopt other types of forecasting techniques, such as random
forests and grey rolling models. These forecasting models often use the population size and the
income/GDP as predictors. The performance of these models is then commonly evaluated using
R2, RMSE, and MAPE measures.

As for the SL forecasts, this is a setting where the first article in this scene appears in 2014.
Throughout the remaining years, it has been observed an increase in popularity, the same as the
remaining quantitative approaches. Notwithstanding, this popularity has been mainly marked by
the retail sector, where almost half of the studies are food supply chain focused, more aimed
at inventory management. Both machine learning and empirical models are employed, resulting
mainly in the use of support vector machines and the Arrhenius equation, respectively. The most
commonly used independent variables in this domain are temperature, humidity, and light-related
characteristics. The data collection periods to perform SL forecasts are usually very small, yet
their periodicity is also analogously high.

In regard to the prescriptive dimension, optimization models are applied in retail, food ser-
vice providers, and city settings. These studies have only started to emerge after 2018 and focus

on minimizing the amount of FW produced, maximizing the SL / expiration date, or minimiz-
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ing the consequences produced by the generation of FW. Different types of programming models
are considered, such as single-objective linear programming and multi-objective non-linear pro-
gramming. There are no standard decision variables among the prescriptive analysis studies, these
being usually very content-specific. However, they usually fall under the umbrella of inventory

management variables. None of the prescriptive studies compare their results to a baseline.

4.7 Conclusions and Future Research

The aim of this chapter is to summarize and synthesize all scientific studies that adopted a quanti-
tative approach to food waste. It should allow for an overall understanding of what different food
waste producers can improve in their own environments, how to do it, and what type of results can
be expected.

A total of 65 unique studies were explored. Among these, the most prominent data analytics
approach is predictive, followed by descriptive and prescriptive analytics respectively. In addition,
considering the setting the papers explore, the most popular is the retail sector, tailed by both
hospitality and final consumer analysis.

Regarding the descriptive analysis, most of the studies available in the literature are supported
by data resulting from food waste weighting. These food waste measurements are not comparable
since the contexts and measurement conditions are different. Moreover, some studies present food
waste quantification in absolute terms and others in relative terms.

With respect to predictive analysis, the literature presents three avenues: forecasting future
demand as a way to prevent FW, forecasting food waste directly, and forecasting the shelf-life
of products to avoid FW generation. The data used to forecast future demand generally has a
daily periodicity, which is then commonly fed into artificial neural networks and ARIMA models.
When external factors are considered, the most notorious external variables are holidays, date-
related variables (day, month, year), and reservations (in restaurants and schools). The results of
the forecast models point to 3% to 63% better results when compared to a baseline. In relation to
forecasting food waste directly, the data has usually a yearly periodicity and regression analysis is
the primary technique employed. In this case, population size and income/GDP are the most com-
mon predictors adopted. Finally, for shelf-life prediction, the Arrhenius Law, regression models,
and support vector machines are the most popular methods adopted. These forecasts are done by
leveraging temperature, humidity, and light-related characteristics.

Regarding prescriptive analysis, most studies focus on minimizing the amount of FW pro-
duced, maximizing the shelf-life / expiration date, or minimizing the consequences produced by
the generation of FW. This is achieved by both single-objective and multi-objective optimization,
and also simulation-based approaches. The decision variables used are usually very intertwined
with the context in which they are applied, being connected to inventory management.

In conclusion, we believe that this chapter can provide researchers and managers with the
necessary background to further develop the quantitative analysis regarding food waste. There

are opportunities in each of the three data analytics approaches that can be considered in future
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research. For example, in the descriptive field, there is space for a framework to standardize
food waste measurements which should allow for better and easier comparison between studies.
Regarding the predictive sphere, two fronts can be further explored. Firstly, in the case of explana-
tory models, more context-specific independent variables can be explored. Secondly, exploring
more recent machine learning forecast techniques like transformers could also be beneficial to the
field, especially when forecasting food waste directly. Lastly, in the prescriptive department, there
could be merit in designing an optimization system capable of deriving menus able to minimize
the amount of food waste produced. This system could also be designed to maximize the number

of meals served and resource allocation.



CHAPTER 5 -

Machine Learning Models for
Short-Term Demand Forecasting in
Food Catering Services: A Solution to
Reduce Food Waste

Food waste is responsible for severe environmental, social, and economic issues and therefore it is impera-
tive to prevent or at least minimize its generation. The main cause of food waste is poor demand forecasting
and so it is essential to improve the accuracy of the tools tasked with these forecasts. The present work
proposes four models meant to help food catering services predict food demand accurately and thus avoid
overproducing or underproducing. Each model is based on a different machine learning technique. Two
baseline models are also proposed to mimic how food catering services estimate future demand and to infer
the added value of employing machine learning in this context. To verify the impact of the proposed models,
they were tested on data from the three different canteens chosen as case studies. The results show that the
models based on the random forest algorithm and the long short-term memory neural network produced the
best forecasts, which would lead to a 14 % to 52 % reduction in the number of wasted meals. Furthermore,
by basing their decisions on these forecasts, the food catering services would be able to reduce unmet de-
mand by 3 % to 16 % when compared with the forecasts of the baseline models. Thus, employing machine
learning to forecast future demand can be very beneficial to food catering services. These forecasts can
increase the service level of food services and reduce food waste, mitigating its environmental, social, and

economic consequences.

5.1 Introduction

Food loss and waste have severe environmental, social, and economic impacts, such as the produc-
tion of greenhouse gases, global food security problems, and related costs, respectively (Girotto
et al., 2015; Kamble et al., 2020; Martin-Rios et al., 2018). Considering that, in 2011, it was esti-
mated that one-third of all food produced is either lost or wasted, which translates into more than
a billion tonnes of food, the impact of food loss and waste is immeasurable (FAO, 2011).

Food loss and waste occur throughout the entire food supply chain. Food loss (FL) happens
at an early stage of the food supply chain (agricultural production), and food waste (FW) happens
at the final consumer stage (Priefer et al., 2016; Messner et al., 2020). FW has the worst conse-

quences of the two, since at this stage, the food has already been processed, packaged, stored, and
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possibly distributed (San Martin et al., 2021; Martin-Rios et al., 2021). However, food service
companies are not actively innovating in the waste domain (Martin-Rios et al., 2018), despite their
owners, chefs, and kitchen managers demonstrating a general willingness to reduce FW (Hen-
nchen, 2019). It is, therefore, both urgent and imperative to find ways to reduce FW and to extract
value from FW already generated, and then provide this information to such stakeholders.

There are several options when it comes to extracting value from FW. For example, this can
be done by motivating and providing the means for customers to take what remains of their meals
home (DRAAF, 2014). This can also be achieved by transforming FW into a valuable resource,
e.g., biofuel, bioenergy, and biomaterials (Filimonau and De Coteau, 2019; Girotto et al., 2015;
Priefer et al., 2016). The most popular techniques to achieve this are biogas production (De Clercq
et al., 2019; Curry and Pillay, 2012) and anaerobic digestion (Dai et al., 2013; Li et al., 2018).

Although being able to extract value from FW is essential, preventing its generation is still
the most desirable approach to minimize its consequences (Papargyropoulou et al., 2014; Messner
et al., 2020). The literature presents different approaches to prevent FW, such as through the use
of packaging technologies (Brennan et al., 2021) and data gathering technologies (Martin-Rios
et al., 2021). Nevertheless, FW generation is usually caused by food overproduction, which in
turn is mostly due to poor demand forecasts (Filimonau and De Coteau, 2019; Parfitt et al., 2010;
Pirani and Arafat, 2016). Most companies in the hospitality sector do not trust the accuracy of
their forecasts, and therefore cook 10 % more food than their estimated needs in order to avoid
stock-outs (Pirani and Arafat, 2016). Therefore, a major effort should be made to develop more
accurate and reliable demand forecasting models.

Food demand forecasting models based on machine learning algorithms (such as the ones
proposed in the present chapter) have the potential to improve waste management in the HoReCa
(Hotel, Restaurant, and Café) sector with their technological innovation (Martin-Rios et al., 2021),
providing businesses with a tool capable of contributing to the minimization of FW generation
while also preventing underproduction. By knowing the quantities of food they need to pro-
duce/serve in advance, businesses can minimize overproduction and thus FW.

The present chapter proposes four food demand forecasting models that can be divided into
two categories. The first category comprises two causal models, one based on a random forest
(RF) algorithm and the other based on the light gradient-boosting machine (LightGBM) algorithm.
The second category comprises two time series models, one based on a long short-term memory
(LSTM) neural network and the other based on a transformer neural network. Given the topic
explored in the present chapter, the causal models should outperform the time series models.

Causal models adopt a set of independent variables in order to better understand the environ-
ment at hand and increase their forecasting capabilities. Within the context of the present chapter,
these variables could be the menu, the number of reservations, and date-related variables such as
the day of the week, day of the month, and month of the year. On the other hand, most time series
models rely only on the previous values of a target variable and its patterns, trends, and cyclical-
ity to forecast future values. Some examples of these models are the ones based on transformer

neural networks or the Holt-Winters algorithm. There are however some exceptions that also take
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advantage of external variables to help forecast future values, such as models based on LSTM neu-
ral networks and autoregressive integrated moving average with exogenous variables (ARIMAX)
models.

The performance of food demand forecasting models is usually measured and analyzed in
relation to the quality of their forecasts. In theory, the closer the forecast demand values are to the
real demand, the better the model. It is important to note that in most cases, these models not only
seek to minimize FW but also avoid underproduction so as to help the catering services meet their
financial objectives (Messner et al., 2020).

This chapter is structured as follows. First, a review of the literature on FW is presented, ex-
ploring both the quantitative and predictive branches. Second, the methods adopted in the present
chapter are described, and the data collected from each FCS is presented. Then, using data from
each FCS, the machine learning-based forecasting models are compared with the baseline models
to determine how much FW could have been prevented. The key conclusions from the results are

then pointed out and discussed, providing insights and guidelines for future work.

5.2 Literature Review

The literature on FW can be divided according to two types of approach: qualitative and quantita-
tive. As the names suggest, the former focuses on quantifying FW, while the latter highlights the
drivers of FW, how to prevent it, and how to allocate it when it occurs.

The qualitative branch is the most popular of the two in terms of the number of studies, which
have remained consistent throughout the years (Hebrok and Boks, 2017; Dhir et al., 2020). In
2010, Parfitt et al. (2010) reported a lack of descriptive analysis studies and pointed out that the
few that existed used data mainly from the 1980s. In terms of quantitative studies, Schneider
(2013) identified four (focusing on the hospitality sector) in 2013, Filimonau and De Coteau (2019)
identified 47 in 2019, Dhir et al. (2020) identified 41 in 2020, and Rodrigues et al. (2023) identified
65 in 2022.

Although it is hard to quantify the exact number of existing works, the increasing popularity
of the quantitative approach to FW is clear. Rodrigues et al. (2023) studied the methods and data
used in the studies published in the field and classified the studies as descriptive, predictive, or
prescriptive. Of these three types of analysis, predictive analysis is particularly important when it
comes to preventing FW generation. Accurate forecasts mean that FCSs can predict future demand
and adapt their production accordingly. When poor demand forecasts are produced, they motivate
overproduction, leading to FW (Filimonau and De Coteau, 2019; Parfitt et al., 2010; Pirani and
Arafat, 2016).

Demand forecasting can be considered one of many means to prevent FW. Martin-Rios et al.
(2021) explored FW management innovations in the food service industry and highlights the fo-
cus on providing faster responses to market/customer demands. Innovation theory is just one of
the angles from which to tackle FW management, be it by preventing, reducing, or recycling it

(Martin-Rios et al., 2018). Another approach to minimizing FW is practice theory. By focusing
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on the knowledge/competence component, it is possible to identify FW prevention related issues
and try to derive alternatives to reduce FW(Hennchen, 2019). Messner et al. (2020) explored the
issue from a different angle and presented a paradoxical idea of FW prevention. While the most
promising option to reduce the impact of FW is its prevention (Papargyropoulou et al., 2014), FW
prevention actions taken by industry and governments can sometimes be distorted to mean man-
agement rather than prevention, thus promoting structures that manage rather than reduce food
waste. (Messner et al., 2020).

Most of the studies tackling future demand forecasts adopt time series models. These mod-
els identify seasonalities and trends to estimate future demand. The algorithms most commonly
used in these models are the autoregressive integrated moving average (ARIMA) algorithm and
its variations (Mgller Christensen et al., 2021; Sakoda et al., 2019), the trigonometric seasonal-
ity, Box-Cox transformation, ARMA errors, trend and seasonal components (TBATS) algorithm
(Dharmawardane et al., 2021; Posch et al., 2021), naive algorithms (Mgller Christensen et al.,
2021; Malefors et al., 2021b), and the Prophet algorithm (Posch et al., 2021; Malefors et al.,
2021b). These kinds of models usually benefit from long data collection periods, such as the ones
available to Arunraj and Ahrens (2015); Dharmawardane et al. (2021), which ranged from four to
ten years.

In addition to studies using time series models, some studies employ causal models that use
external variables to better understand the environment at hand and, in theory, produce better
forecasts. Different algorithms are used in this context, with neural networks being the most
popular (Lee et al., 2020; Faezirad et al., 2021; Sakoda et al., 2019). Other, less popular algorithms
also adopted in this field are the RF algorithm (Malefors et al., 2021a) and the extreme learning
machine algorithm (GruZauskas et al., 2019). Regarding the external variables adopted in the
causal models, they mostly concern the number of reservations and time-related variables (day,
month, year, and holidays). Other, less common external variables include the number of Covid-
19 infections (Malefors et al., 2021a), weather-related variables (Arunraj and Ahrens, 2015), and
the menu served on a given day (Faezirad et al., 2021). It should be noted that food demand
forecasting studies generally estimate demand daily, with most performing a next-day forecast
(Sakoda et al., 2019; Malefors et al., 2021b; Mgller Christensen et al., 2021).

Most of the studies available in the field do not evaluate how the proposed forecasting models
impact FW reduction. In fact, to the best of the authors’ knowledge, only Dharmawardane et al.
(2021); Lee et al. (2020); Arunraj and Ahrens (2015) verified the added value of the proposed
models by comparing them with a baseline model. The first study compared a baseline model
based on the Holt-Winters algorithm with the developed TBATS model (Dharmawardane et al.,
2021) using data from two different settings. The developed model beat the baseline model in the
first setting but lost in the second. The second study adopted an LSTM-based model that achieved
a higher F1 score than a baseline model based on the collaborative filtering technique (Lee et al.,
2020). Lastly, the third study employed four models. Three ARIMA variants (SARIMA-MLR,
SARIMA-QR, and SARIMA) and a multi-layer perceptron (MLP) neural network that produced a

lower root mean square error (RMSE) and mean average percentage error (MAPE) than a baseline
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model based on a seasonal naive algorithm (Arunraj and Ahrens, 2015). Although there are other
studies that mention improvements over a baseline model (Malefors et al., 2021a,b; GruZauskas
et al., 2019; Faezirad et al., 2021), even quantifying these improvements (albeit not always via
error measures), they do not mention the techniques used to produce these baseline models.

In short, the use of forecasting models (such as those based on machine learning algorithms) to
reduce FW is a topic that is still in an early stage of development. There is a need for further studies
on this topic, particularly with a focus on causal models that include more diverse variables and on
exploring the potential of advanced machine learning algorithms. Moreover, more studies should
evaluate how the proposed models impact FW reduction in different settings. The present chapter
proposes to do exactly that. It contributes to the literature by proposing a set of food demand
forecasting models that include a diverse set of variables and are based on advanced machine
learning algorithms that have yet to be explored in this context, and it innovates by testing the

added value of the proposed models on data from three different FCSs.

5.3 Methodology and Data

The present chapter seeks to quantify how beneficial food demand forecasting can be for the
food catering sector. To that end, four food demand forecasting models were developed, i.e. two
causal models and two time series models. Each model was based on a different machine learning
algorithm, and all models were designed to predict demand in the short future (next-day forecasts).
The forecasts produced by these models should aid managers in determining the quantity of food
to prepare and the resources that should be available/allocated to meet the estimated demand.

To validate the applicability and potential of the proposed food demand forecasting models,
these were tested on data from three food catering services (FCSs): two student canteens and a
company canteen. Since the three units have different inherent features, the goal is also to explore
how the different algorithms may impact the quality of the forecasts. The data gathered from these
FCSs allow the use of an entire year to test the models’ ability to forecast the food demand and
consequently reduce FW. To quantify the theoretical FW reduction provided by the proposed mod-
els and thus evaluate their added value, they were compared with two baseline models designed to
mimic how FCSs typically estimate future demand.

In the case of the causal models and the model based on the LSTM neural network, external
variables were specified. These variables should be able to represent the environment of the dif-
ferent FCSs and the day for which the demand is being forecast. Some of these external variables
were collected by the FCSs directly, e.g., the number of reservations and the menu for the day.
In contrast, other variables such as weather data were extracted from alternative databases. The
variables considered for each FCS are detailed in the following section. As for the model based
on the transformer neural network, it was not necessary to specify any variables other than the
demand.

The hyperparameters of the different employed algorithms were optimized through nested

cross-validation. Additionally, by comparing the predicted demand with the actual demand recorded
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by the FCSs, it was possible to compute different metrics that quantify the forecasting performance
of the proposed models. Then, by analyzing these metrics, it was possible to determine the model
with the best performance, i.e., that can lead to the highest reduction in FW.

Nevertheless, to assess the impact and infer the added value of the proposed models, the pro-
duced demand forecasts should be compared with the demand estimated by the decision-makers
at the FCSs used as case studies. However, since these decision-makers did not make such regis-
ters, two baseline models designed to mimic how they might have forecast the demand were used
instead.

The following subsections provide a detailed description of the methodology and data used.
First, a more in-depth description of the data available for each FCS is provided, indicating the time
horizon and the variables adopted in the models. Next, the models proposed are introduced, the
implementation of these models is explained, and the hyperparameter tuning process is presented.

Lastly, the baseline models proposed are described in detail.

5.3.1 Data available

Each FCS provided data related to a different set of factors that were unique to their environments.
It was also possible to extract and generate other variables that were not directly related to the FCS
in question. Some examples of the latter include variables related to the date for which the demand
is being forecast, such as the day of the week, the month, whether it is a holiday, or whether it
is during the Queima week (a week-long traditional academic festival that marks the end of the
academic year for university students and during which there are no classes), and variables related
to the weather predicted for the same day, such as temperature and precipitation. The weather-

related variables were extracted from the Visual Crossing database (Crossing, 2003).

5.3.1.1 Food Catering Service 1 - Student canteen

One of the FCSs used as case studies operates a student canteen and will henceforward be referred
to as FCS1. This canteen serves an engineering school with over 8,000 students. Since this school
is quite large, besides the canteen operated by FCS1, two other canteens serve the students to
ensure their needs are met. Nonetheless, FCS1 still records an average of 400 daily meals served.

The data available for FCS1 includes historical demand by dish typology (such as meat, fish,
and vegetarian) and the daily number of students who have classes only in the morning, only in
the afternoon, or in both periods. This data refers to the period from January 2017 to December
2019. The number of daily meals served by dish typology is displayed in Figure 5.1. Looking at
the y-axis, it is apparent that the popularity of the three dishes is very different.

However, their distribution throughout the year seems to be relatively similar and constant. By
plotting the sum of the demand of the three dishes, as seen in Figure 5.2, this distribution becomes
clearer. First, a constant number of meals served throughout the year is depicted via the blue
line, as the demand was fitted to it, showing almost no slope. Second, there is a clear drop in the

number of meals served at the end of June, only to return to normal levels in October. This is due
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to students no longer having classes at the end of May, even though some students still have exams
and therefore still attend the university. Additionally, this is also a time when both students and
university staff are on vacation, which further drives the demand down. Although students do not
have classes at the end of the year, this period is much shorter and its effects are not felt as much,
except for the last two weeks of December due to the Christmas and New Year’s weeks. Finally,

the drop in demand around the first week of May is due to this being the Queima week.
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Figure 5.1: Number of daily meals served by FCS1 separated by dish

Regarding the number of daily meals served, these are better displayed in Figure 5.3, where
the boxplots for each dish are plotted side by side. Although there are many types of dishes, it is
apparent that the diet, extras, and salad dishes are not as popular as the rest. In fact, there were
days when no such dishes were served at all. On the other hand, meat, fish, and vegetarian dishes
are significantly more popular. In particular, the meat dish was served more times than the fish and
vegetarian dishes combined. While the meat dish only has bottom outliers, i.e., values lower than
1.5 times the Interquartile Range (IQR) from the bottom hinge (the 25th percentile), the fish and
vegetarian dishes have many upper outliers, i.e., values higher than 1.5 * IQR from the top hinge
(the 75th percentile), alluding to a more irregular distribution of the demand for the latter.

In addition to the historical demand by dish typology and the daily number of students with
classes, date and weather-related variables were also included in the models proposed for FCS1.
In the case of holidays, not only was it noted whether the day was a holiday, but also if the next
or previous three days were holidays as well. Table 5.1 provides more details about the available
data.
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Table 5.1: Summary of the variables available for FCS1

Variable name Type Description

Dish_meat; Dish_fish; Dish_vegetarian; Dish_diet; Dish_extra; | Continuous | Daily number of meals served for the

Dish_total; Dish_soups meat, fish, vegetarian, diet, extras, and
soup dishes, respectively

Students_Morning; Students_Afternoon; Students_AllDay Continuous | Daily number of students who have
classes in the morning, afternoon, or all
day

Day Discrete Day of the month

Week_Monday; Week_Tuesday; Week_Wednesday; | Binary Day of the week

Week_Thursday

Month_January; Month_February; ... ; Month_October; | Binary Month of the year

Month_November

Holiday Binary Holiday or not

HolidayAfter1; HolidayAfter2; HolidayAfter3 Binary Holiday in the next day, in two days, or
in three days, respectively

HolidayBeforel; HolidayBefore2; HolidayBefore3 Binary Holiday in the previous day, two days
ago, or three days ago, respectively

Temperature Continuous | Average temperature for the day, mea-
sured in Celsius

Precipitation Continuous | Average precipitation for the day, mea-

sured in millimeters

Weather_Condition_Partially_Cloudy; Binary Weather condition
Weather_Condition_Rain;
Weather_Condition_Rain_Overcast;
Weather_Condition_Rain_Partially_Cloudy;
Weather_Condition_Rain; Weather_Condition_Wind

Time horizon: January 2017 to December 2019

5.3.1.2 Food Catering Service 2 - Student canteen

The second FCS (FCS2) also operates a student canteen but in a different setting. In particular, it
serves around 4,000 students from a medical school. Although it is the only canteen in its univer-
sity, there are other FCSs nearby. This explains why FCS2 only serves around 225 daily meals,
a small portion of the total population it could serve. The competition around FCS2 includes the
canteen from a neighboring hospital and several restaurants (including fast food restaurants) in a
nearby shopping mall.

The data provided by FCS2 includes the historical demand by dish typology (meat, fish, or
vegetarian) and the menu for each day between July 2016 and December 2019. The menus were
subsequently categorized according to the ingredients used, e.g., type of meat and type of fish, and
how they were cooked, e.g., grilled and stewed.

The daily number of meals served varies according to the dish typology, as displayed in 5.4.
The meat dish is also the most popular in the context of FCS2, although with a volatile distribution.
When plotting the sum of the demand for the three dishes, the trend that is drawn is similar to that
of FCS1’s. However, the drop in demand from June to October is more accentuated. As with
FCS1, this drop is likely due to students not having classes during this period and also because it
is a vacation period for the university.

The meat dish represents more than half of all dishes served. However, this FCS operates on

a smaller scale than the previous one. This, allied with a more volatile distribution, leads to the
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Figure 5.4: Number of daily meals served by FCS2 separated by dish

number of meat meals served not having any lower outliers when plotting its values in a boxplot

(Figure 5.6). As for the fish and vegetarian dishes, these still have upper outliers.

Other information taken into account includes the day of the month, the day of the week,
and the month of the day for each recorded observation. Additionally, it was noted whether that
day and the three next or previous days were holidays. The temperature and precipitation were
also considered to help forecast future demand values. Table 5.2 provides a more comprehensive

overview of the available variables.
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Figure 5.6: Number of daily meals served by FCS2 separated by dish

Table 5.2: Summary of the variables available for FCS2

Variable’s name Type Description

Dish_meat; Dish_fish; Dish_vegetarian Continuous | Daily number of meals served for the
meat, fish, and vegetarian dishes, re-
spectively

Meat_pork; Meat_beef; Meat_chicken; Meat_roast; | Binary Meat menu classification

Meat_grilled;  Meat_stew;  Meat_boiled;  Meat_fried;
Meat_others

Fish_forkbeard; Fish_tuna; Fish_codfish; Fish_horsemackerel; | Binary Fish menu classification
Fish_seafood; Fish_perch; Fish_hake; Fish_octopus_squid;
Fish_sardine; Fish_salmon; Fish_flounder; Fish_redfish;
Fish_swordfish; Fish_whiting; Fish_dogfish

Vegetarian_soya; Vegetarian_tofu; Vegetarian_seitan; Vegetar- | Binary Vegetarian menu classification

ian_vegetables

Day Discrete Day of the month

Week_Monday; Week_Tuesday; Week_Wednesday; | Binary Day of the week

Week_Thursday

Month_January; Month_February; ... ; Month_October; | Binary Month of the year

Month_November

Holiday Binary Holiday or not

HolidayAfterl; HolidayAfter2; HolidayAfter3 Binary Holiday in the next day, in two days, or
in three days, respectively

HolidayBeforel; HolidayBefore2; HolidayBefore3 Binary Holiday in the previous day, two days
ago, or three days ago, respectively

Temperature Continuous | Average temperature forecast for the
day, measured in Celsius

Precipitation Continuous | Average precipitation forecast for the
day, measured in millimeters

Weather_Condition_Partially_Cloudy; Binary Weather condition

Weather_Condition_Rain;
Weather_Condition_Rain_Overcast;
Weather_Condition_Rain_Partially_Cloudy;
Weather_Condition_Rain; Weather_Condition_Wind

Time horizon: July 2016 to December 2019

5.3.1.3 Food Catering Service 3 - Company canteen

The final FCS (FCS3) used as case study is different from the other two because it serves the

workers of a company instead of students. This is an engineering and technology company with
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around 3,700 employees in its headquarters. Unlike the other FCSs, this one operates a canteen

that serves a significant portion of the company’s workers, handling around 1,900 daily meals.

The data provided by FCS3 contains the number of meals served by type of dish (meat, fish,
or diet), as well as reservations for each of the dishes, which are announced two days in advance.
The available records refer to the period between September 2011 and December 2019. Therefore,

this is the FCS with the most prolonged data collection horizon.

Additionally, the average number of meals served daily by FCS3 is significantly higher than
the two other FCSs, as seen in Figure 5.7. In this figure, it is possible to see that there is a growing
trend in the number of meat meals served throughout the years, while the same is not as obvious
for the fish and diet dishes.
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Figure 5.7: Number of daily meals served by FCS3 separated by dish

The overall demand trend of FCS3 becomes more evident when plotting the total number of
meals served, as presented in Figure 5.8. In general, demand remained constant throughout the
years, with some dips presumably due to holidays or other extraordinary occurrences. As with the
other two school canteens, demand was lower in the summer. Although less accentuated, there
were also days with no demand whatsoever, which may symbolize that the company, canteen, or

both were closed for vacations.

Just like in the other two canteens, the meat dish was the most consumed, being served signif-
icantly more than the other dishes. Possibly due to its popularity, there is only a single outlier in
the number of meat dishes served. This can be visualized in Figure 5.9. While the fish and diet
dishes were served less often than the meat dish, there were days when demand for the former
peaked very high. In the case of salad dishes, the median values of meals served were higher than
the previous two dishes, but the demand for salads was more constant and did not reach such high

peaks. Finally, the vegetarian option seems to be the least popular in this company.
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As with the previous FCSs, date and weather-related variables were also considered for FCS3.
Additionally, the number of reservations for a given day was available in the case of FCS3 (the
employees of this company need to show interest in the dish they want two days in advance,
although they can still attend the canteen without a reservation). A summary of the variables
available for FCS3 is displayed in Table 5.3
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The available data relates to the period from September 2011 to December 2019.

Table 5.3: Summary of the variables available for FCS3

Variable name Type Description
Dish_meat; Dish_fish; Dish_diet; Dish_salads; | Continuous | Daily number of meals served for the
Dish_vegetarian meat, fish, diet, salad, and vegetarian

dishes, respectively

Reservation_meat; Reservation_fish; Reservation_diet; Reser- | Continuous | Daily number of reservations for the

vation_salads; Reservation_vegetarian meat, fish, diet, salad, and vegetarian
dishes, respectively

Day Discrete Day of the month

Week_Monday; Week_Tuesday; Week_Wednesday; | Binary Day of the week

Week_Thursday

Month_January; Month_February; ... ; Month_October; | Binary Month of the year

Month_November

Holiday Binary Holiday or not

HolidayAfterl; HolidayAfter2; HolidayAfter3 Binary Holiday in the next day, in two days, or

in three days, respectively

HolidayBeforel; HolidayBefore2; HolidayBefore3 Binary Holiday in the previous day, two days

ago, or three days ago, respectively

Temperature Continuous | Average temperature for the day, mea-

sured in Celsius

Precipitation Continuous | Average precipitation for the day, mea-

sured in millimeters

Weather_Condition_Partially_Cloudy; Binary Weather condition
Weather_Condition_Rain;
Weather_Condition_Rain_Overcast;
Weather_Condition_Rain_Partially_Cloudy;
Weather_Condition_Rain; Weather_Condition_Wind

Time horizon: September 2011 to December 2019

5.3.2 Models proposed

Four food demand forecasting models were developed and then refined (to enhance their predic-
tive capabilities). These models were designed to improve the operations of FCSs by outputting
reliable next-day forecasts. In other words, considering today to be moment ¢, i.e., the moment
when the forecast is produced, the aim is to forecast demand for ¢ + 1, i.e., the next day. To better
illustrate the potential of the developed models, the present chapter focused on forecasting the
demand for the meat dish, as this was the type of dish served most often by all three FCSs. This
means that the dependent variable of the developed models is the daily number of meat dishes

served.

To further test the duality and performance of short-term demand forecasting, two types of
forecasting models were employed and tested: time series and causal models. Time series models
start by analyzing a time series and identifying patterns, trends, and cyclicalities. Then, they
replicate the results to predict future values that are aligned with the setting in question. On
the other hand, causal models employ exogenous variables to help categorize the environment
in question and use these variables to predict a target variable. Both have their advantages and

disadvantages and their performance depends on the setting at hand.
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The causal models were based on the RF and LighGBM algorithms, while the time series
models were based on LSTM and transformer neural networks. Considering the time horizon and
the number of variables available for each FCS, the causal models should outperform the time
series models in the case of FCS1 and FCS2. On the other hand, the model based on the LSTM
neural network should outperform the causal models in the case of FCS3, since the time horizon is
significantly wider. Lastly, the regression side of transformer neural networks has not been widely
adopted in the literature yet. Hence, this is an opportunity to assess its performance in a real-life

scenario considering both a small and a large time horizon.

causal models rely on external factors known as independent variables. In the present chap-
ter, the variables considered were the number of meals served, the menu, date-related features,
weather-related features, the number of students expected to be attending classes, and the number
of reservations. These variables were used in both causal models and in the model based on the
LSTM neural network. A more comprehensive description of all the independent variables used

in the present chapter is available in Tables 5.1-5.3.

There are some variables whose values can be known before the day for which demand is
being forecast, e.g., the number of students expected to attend classes on a given day, and others
whose values can only be known after their respective occurrences, e.g., the number of meals
served for a given dish. In other words, considering today to be moment ¢ and supposing that the
forecast is for the next day (moment ¢ + 1), the number of students expected to attend classes on
t+ 1 and the number of meals served in moment ¢ are used as independent variables. Moreover, for
variables with a known ¢ + 1 value, the values for moments ¢ + 1,7, — 1, — 2, and r — 3 are used
as input. For example, the number of students expected to attend classes on the next day and the
number of students who attended classes today and in the three previous days are used to forecast
tomorrow’s demand. On the other hand, for variables with a value that is only known in moment
t, the values for moments ¢, — 1, —2,¢ — 3, and t — 4 are used as input. This was the case for the
independent variables, such as the number of meals of the three dishes that were served. The list
of time-dependent variables adopted and their corresponding time horizon coverage is displayed
in Table 5.4.

Table 5.4: Independent variables used in moment t to forecast the demand for moment t+1

Corresponding days
Type Variable From To Variable type
No. of meals served Dish_meat; Dish_fish; Dish_vegetarian t t-4 Continuous
Menu classification Meat_pork; Meat_beef; ...; Vegetarian_seitan; Vegetar- | t+1 t-3 Binary
ian_vegetables
Date Day t+1 t-3 Discrete
Week_Mondays; ...; Week_Thursday; t+1 t-3 Binary
Month_January; ... ; Month_November;
Holiday; HolidayAfter1; ...; HolidayBefore3
Weather Temperature; Precipitation t+1 t-3 Continuous
Weather_Condition_Partially_Cloudy; ...; t+1 t-3 Binary
Weather_Condition_Wind
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5.3.3 Hyperparameters and Model Validation

Several iterations of the developed models were put to the test (performing next-day forecasts),
wherein each iteration had a different combination of hyperparameters. The platform used for
these tests was Google Colab, which employs Python. The packages responsible for running the
different algorithms were “tensorflow” (LSTM), “lightgbm” (LightGBM), “sklearn” (RF), and
“darts” (transformer).

Different hyperparameters were tuned to maximize the algorithms’ predictive power for a
specific data set. For the RF, the tuned hyperparameters were the percentage of variables to use
and number of trees. For the LightGBM algorithm, they were the percentage of variables to use,
the learning rate, and the type of boosting. For the LSTM neural network, they were the number of
neurons in the first and second layers. And finally, for the transformer neural network, they were
the number of expected features in the encoder/decoder inputs and the number of encoder/decoder
layers. Different combinations of hyperparameter values were defined for each algorithm and
validated before doing another test on new data. The specific values tested for each hyperparameter

are shown in Table 5.5.

Table 5.5: Hyperparameters considered for optimization

. Number of
Algorithm Hyperparameter Values combinations
0,1; 0,2; 0,3; 0,4; 0,5;
Random Forest % of features used 0,6;0,7;0,8;0,9; 1 100
Number of trees 100; 200; 300; 400; 500;
600; 700; 800; 900; 1000
Boosting GBDT, DART, GOSS
LightGBM Learning rate 0,05; 0,105 0,15; 0,20; 0,25; 300
0,30; 0,35; 0,40; 0,45; 0,50
0,1; 0,2; 0,3; 0,4; 0,5;
% of features used 0.6 0.7: 0.8: 0.9: 1
LSTM Number of neurons in the first layer 10; 50; 100 9
Number of neurons in the second layer 10; 50; 100
Number of expected features in the 16: 32: 64
Transformer encoder/decoder inputs T 9
Number of encoder/decoder layers 2:4;6

The technique used in the development and testing of the machine learning models was a
nested cross-validation with a rolling window, as depicted in Figure 5.10. This technique em-
ploys a sequential rolling window approach, initially dividing the dataset into training and test sets
through an outer loop. Subsequently, within this training set, a secondary rolling window method
is applied to partition it into training and validation subsets, constituting an inner loop. One of
the advantages of this cross-validation technique is that it can be applied to both causal and time
series models.

In the present chapter, the test period (outer loop) for the FCSs was considered to be the
last year for which the data was available. Coincidentally, it was the year 2019 for all FCSs.
Therefore, the test period corresponded to the 52 weeks/260 weekdays of 2019. As in a normal

rolling window, the test period (2019) was divided into 52 folds with five observations each, i.e.,
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each fold corresponded to a week. In other words, the models forecast future values in groups of
weeks.

The validation period was part of the inner loop, meaning it was indexed to the test period.
More specifically, the validation period corresponded to the 20 weekdays before the testing pe-
riod. Since the test period was divided into folds, the validation period also moved with the fold
considered at any given moment. For instance, for the first fold of the test period, i.e., the first
week of 2019, the validation period corresponded to the last four weeks of 2018; and for the sec-
ond fold of the test period, i.e., the second week of 2019, the validation period corresponded to
the first week of 2019 and the last three weeks of 2018.

The rolling window technique was also applied to the inner loop. Then, the validation period,
i.e., the last 20 weekdays before the test period fold, was divided into four folds, each composed
of five weekdays. Thus, as with the outer loop, demand was forecast in groups of weeks, but this
time for those 20 weekdays. A visual representation of the inner loop is displayed in Figure 5.10.

Considering the last weekday of 2018 to be moment ¢, and the first weekday of 2019 to be
moment ¢ + 1, the first fold of the test period would be from moment # + 1 to moment ¢ + 5,
while the validation period in the inner loop for this specific fold would be from moment r — 19
to moment . However, the validation period would be further divided into four folds, e.g., from
moment £ — 19 to moment ¢ — 15, from moment # — 14 to moment ¢ — 10, from moment # — 9 to

moment ¢ — 5, and from moment ¢ — 4 to moment ¢.
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Figure 5.10: Nested cross-validation with a rolling window

The validation period was used to estimate the forecast performance of different hyperparam-
eters throughout a set of 20 weekdays. The hyperparameters that achieved the best forecasts in
that validation period were then used to forecast the values in the fold of the test period that the
validation period was indexed to. Thus, each fold of the test period can have different hyperpa-

rameters. Nevertheless, the overall forecast performance of the whole test period was considered
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to be the potential performance of the model.
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The forecast performance in the validation and test periods was assessed via error measures.
Although each error measure has its benefits and demerits, the one chosen to determine the best
set of hyperparameters in the present chapter was the RMSE. The RMSE was chosen over the
commonly adopted MAPE since the former penalizes outliers more heavily than the latter. This
is crucial in the context of the present chapter, where it is more important to be consistently close
to the real demand than to be spot on some of the time and wildly inaccurate the rest of the time.
Furthermore, FCSs can adapt their operations on the spot, and the more negligible the deviation
between the forecast and the actual demand, the easier it is for them to do that adaptation. It
should be noted that minimizing the RMSE can help prevent not only the overproduction of meals
but also the underproduction of meals, which is an important factor for catering services, which
are of course driven by economic goals.

Nevertheless, several other performance metrics were examined. Firstly, the difference be-
tween the number of meat meals estimated and the actual demand was calculated. This resulted
in three values: the number of meals wasted, i.e., the forecast above the actual demand; the un-
met demand, i.e., the forecast below the actual demand; and the absolute difference between the
forecast and the actual values. These values allowed quantifying the deviation between the actual
demand and the produced forecast. At the same time, error measures such as the RMSE, MAPE,
and the coefficient of determination (R2) were computed and analyzed in order to obtain a metric
that could be used to easily compare the different models not only when looking at the same FCSs,

but also when looking at different FCSs.

5.3.4 Baseline models

To quantify the benefits provided by the proposed models, the estimates from the models should be
compared with the estimates from the decision-makers at the FCSs. However, these FCSs did not
have such records, and a baseline model had to be created instead. Ergo, two preliminary baseline
models were designed to mimic how food demand estimates would have been made. One of the
preliminary baseline models was based on a naive approach and the other was based on a moving
average (MA) approach.

The naive approach estimates demand by considering that the demand will be the same as
the demand observed in a previous period. For this approach, different look-back periods were
considered: 1, 5, 10, 15, 20, 25, and 30 days. Thus, for instance, when forecasting the demand
for ¢ + 1, the demand could be considered to be the same as in the previous day, i.e., moment ¢, or
the same as 30 days ago, i.e., moment ¢ — 29. Then, the look-back period that produces the best
results is chosen.

Concerning the MA approach, the demand estimated for a given day will be equal to the
average demand of a set of previous days. The set of days considered corresponded to the 5, 10,
15, 20, 25, and 30 previous days, which is similar to the number of days contemplated for the
naive approach. This means that, for instance, when forecasting demand for ¢ 4 1, the demand

could be considered to be the same as the mean of the last five days, i.e., the average demand
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between moments ¢ —4 and ¢, or the mean of the last 30 known days, i.e., the average demand

between moment ¢ — 29 and ¢. Then, the period that bears the best results is chosen.

5.4 Results

The forecast results demonstrate the benefits of developing models that predict future demand in
the context of preventing FW. Most of the proposed models were able to beat the baseline models
responsible for mimicking how managers do their forecasts. This means that by employing more
sophisticated forecasting techniques, it is possible to better predict future demand. Thus, these
forecasting models constitute a valuable asset for managers to make better decisions and ultimately
minimize FW generation and maximize the number of meals served.

The forecast performance (measured through forecast differences and error measures) of the
best model for each algorithm is detailed in Tables 5.6-5.8. The model based on the RF algorithm
produced the best forecasts for the first two FCSs, while the LSTM algorithm had the better results
for FCS3, i.e., its results had the lowest total absolute difference between the forecast and actual
values, which in turn means the overall lowest RMSE. In the case of the baseline models, the one

based on the MA approach was always better than the one based on the simple naive approach.

5.4.1 Food Catering Service 1 - Student canteen

For the first FCS, the error metrics and the absolute difference between the forecast and actual
values are displayed in Table 5.6. The model based on the RF algorithm was the best out of all
developed models in terms of error metrics, achieving a RMSE of 51.57. As for the baseline
models, the one based on the MA approach was the best when considering the average of the last
15 days.

Table 5.6: Results of the forecasting models for FCS1

Error measures Forecast differences
Model RMSE MAPE  R2 | Wasted meals Lrmet Total absolute
demand difference
RF 51.57 0.2214 0.2805 4,671 5,276 9,947
LightGBM 57.12  0.2400 0.1819 4,867 6,322 11,189
LSTM 65.70  0.2638 0.1397 5,901 6,518 12,419
Transformer 57.60 0.2367 0.1702 3,869 6,577 10,446
Moving Average (15 days) | 55.65 0.2460 0.1726 5,453 5,471 10,924
Naive (5 days) 75.17  0.3053 0.0059 7,496 7,189 14,685

Note: Around 56,000 meat meals were served in 2019, which translates into roughly 215 daily meals

By basing their decisions on the forecasts provided by the RF algorithm instead of an MA of
the last 15 known days, this FCS would be able to reduce the number of meals wasted in 2019
by 782, which translates into a 14 % reduction in the FW generated. At the same time, it would
be able to reduce the unmet demand in the same period by 195 dishes. A visual representation of
the actual demand and the forecast demand produced by the model based on the RF algorithm is

displayed in Figure 5.11.
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RMSE: 51.57 ; MAPE: 22.14% ; R2: 0.2805
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Figure 5.11: Visual representation of the real and forecast demand for FCS1

Although the other developed forecasting models performed worse than the model based on the
MA approach, they were still better than the model based on the naive approach when considering
the quality of the predictions as a whole. However, the forecasts produced by the models based on
the LightGBM algorithm and the transformer neural network would lead to fewer wasted meals
when compared with the forecasts produced by the model based on the MA approach. When
considering the model based on the naive approach instead, every developed model would lead to
fewer wasted meals. However, every developed model except the one based on the RF algorithm
would lead to fewer meals being served (i.e., a higher unmet demand) when compared with the
one based on the MA approach, and the inverse when compared with the one based on the naive
approach. In short, the best forecasting model is the one based on the RF algorithm, followed by
the one based on the MA approach, the other developed forecasting models, and, lastly, the model
based on the naive approach.

However, if the goal was solely to minimize the number of wasted meals, the forecasts pro-
duced by the model based on the transformer neural network would be the most desirable. Other-
wise, the forecasts produced by the model based on the RF algorithm are superior to every other

prediction.

5.4.2 Food Catering Service 2 - Student canteen

For the second FCS, only the models based on the RF and LightGBM algorithms were able to beat
the best baseline model, as highlighted by their lower RMSE, MAPE, and total absolute difference,
and their higher R2. The performance of all forecasting models is presented in Table 5.7. Only
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the forecasts produced by the model based on the RF algorithm resulted in a lower amount of
wasted meals and unmet demand when compared with the best baseline model. The forecasts of
the model based on the RF algorithm would result in 3,268 meals being wasted in 2019, given the
actual demand.

Table 5.7: Results of the forecasting models for FCS2

Error measures Forecast differences
Model RMSE MAPE  R2 | Wasted Meals Onmet  Total Absolute
Demand Difference
RF 47.01 0.2314 0.6806 3,268 4,391 7,659
LightGBM 51.06  0.2400 0.6344 3,200 5,047 8,257
LSTM 60.90 0.3061 0.5066 3,734 6,292 10,026
Transformer 76.53  0.3543 0.3614 2,521 10,487 13,008
Moving Average (5 days) | 56.22  0.2765 0.5510 4,478 4,642 9,120
Naive (1 day) 5771  0.2533 0.5710 4,627 4,655 9,282

Note: Around 40,000 meat meals were served in 2019, which translates into roughly 150 daily meals

Although this is a considerable number of wasted meals, it is still 1,210 fewer wasted meals
(or minus 27 % meals in relative terms) when compared with the baseline model based on the MA
of the last five known days. Additionally, while the model based on the RF algorithm would lead
the FCS to sell 4,391 fewer meals in 2019 (i.e., a higher unmet demand), this is still 251 more
meals served when compared with the baseline model based on the MA approach. An overall
view of the forecasts generated by the model based on the RF algorithm for FCS2 is provided in
Figure 5.12.

RMSE: 47.01 ; MAPE: 23.14% ; R2: 0.6806
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Figure 5.12: Visual representation of the real and forecast demand for FCS2
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The forecasts produced model based on the LightGBM algorithm are also noteworthy. Al-
though these would lead to a lower number of meals served (i.e., a higher unmet demand) when
compared with the forecasts of the models based on the RF algorithm and the baseline models, it
would reduce the amount of food wasted more significantly than the other two. While the model
based on the RF algorithm and the baseline models would lead to 3,268 and 4,478 wasted meals,
respectively, the model based on the LightGBM algorithm would lead to only 3,200 wasted meals.

The model based on the LSTM neural network would lead to more wasted meals than the
models based on the RF and LightGBM algorithms. When compared with the baseline models, the
model based on the LSTM neural network would lead to fewer wasted meals, but a considerably
higher unmet demand. Ultimately, its error measures and total absolute difference metric are worse
than those of both baseline models.

The model based on the transformer neural network produced the worst forecasts out of all
the models in the context of FCS2. Although it would lead to the lowest number of wasted meals
(2,521), this would be at the cost of a very high unmet demand.

In brief, the model based on the RF algorithm would grant FCS2 more reliable forecasts in
comparison with the baseline models. The forecasts produced by the model based on the RF algo-
rithm would allow FCS2 to generate considerably less FW while slightly increasing the number of
meals served, i.e., the unmet demand would be lowered. However, if this FCS wanted to waste the
lowest number of meals possible, regardless of the number of meals served, the model based on

the transformer neural network would be a better choice than the one based on the RF algorithm.

5.4.3 Food Catering Service 3 - Company canteen

This FCS operates on a much larger scale than the other two other FCSs, having a considerably
larger number of meals served in 2019. Still, even in this setting, the model based on the RF
algorithm outperformed the best baseline model. Moreover, for RCS3, the model based on the
LSTM neural network provided the most accurate forecasts, winning on every metric adopted, as

seen in Figure 5.8.

Table 5.8: Results of the forecasting models for FCS3

Error measures Forecast differences
Model RMSE MAPE R2 | Wastedmeals rmet  Totl absolute
demand difference
RF 227.25 0.2062 0.5477 19,026 25,111 44,137
LightGBM 213.22  0.1941  0.5902 15,153 25,004 40,157
LSTM 173.36  0.1432  0.7325 15,151 17,356 32,507
Transformer 358.88 0.3813 0.0254 21,955 47,476 69,431
Moving Average (30 days) | 323.83 0.3996 0.0381 31,782 30,059 61,841
Naive (5 days) 432.13  0.4427 0.0259 39,685 43,767 83,452

Note: Around 270,000 meat meals were served in 2019, which translates into roughly 1,050 daily meals

By employing the model based on the LSTM neural network, it would be possible to waste
16,631 fewer meals in 2019 than when compared with the model based on the MA of the last
30 known days, which would lead to 31,782 wasted meals in the same period. This difference
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is considerable, translating into 52 % less FW in favor of the model based on the LSTM neural
network. Not only that, but the forecasts provided by the model based on the LSTM neural network
would also manage to minimize the amount of unmet demand, i.e., the number of meals not served
due to underproduction. Although it would cause demand for 17,356 meals to go unmet in 2019,
this model would still lead to 12,703 more meals being served than the baseline model based on
the MA approach. A visual representation of the forecasts provided by the model based on the
LSTM neural network and the real demand is drawn in Figure 5.13.

The models based on the RF and LightGBM algorithms also outperformed the baseline model
based on the MA approach. These two forecasts would lead to fewer wasted meals and less unmet
demand by a considerable margin, especially considering the number of wasted meals. In terms
of unmet demand, these two models performed similarly, but the one based on the LightGBM
algorithm would produce significantly fewer wasted meals, essentially matching the same number
produced by the model based on the LSTM neural network.

The demand forecast produced by the model based on the transformer neural network would
lead to the most wasted meals out of all the predictions, but fewer wasted meals than both baseline
models. However, to achieve this, the model would lead to the fewest meals being served out of

any model, causing the FCS to not meet the demand for 47,476 meals in 2019.

RMSE: 173.36 ; MAPE: 14.32% ; R2:0.7325
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Figure 5.13: Visual representation of the real and forecast demand for FCS3

Contrary to the other two FCSs, for FCS3, the model based on the LSTM neural network
produced the best forecasts. Not only that, but it would also minimize the number of wasted meals
while providing better demand predictions to maximize the number of meals served. Thus, for
FCS3, this model would be the preferred choice.
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5.4.4 Overall results

As expected, each FCS had unique properties and, thereby, each developed model performed
differently depending on the FCS. Nevertheless, it is clear that the proposed models would enable
all the studied FCSs to reduce their FW.

The RMSE, being an absolute metric, was significantly higher for FCS3 than FCS1 and FCS2.
On the other hand, relative measures like the MAPE and R2, which should not be impacted by the
value range of the target variable, were also different for each FCS. At first glance, and given that
a higher relative error measure would indicate a lower predictive power of the forecasting model,
it is possible to verify that the developed models were the most accurate for FCS2, while the food
demand in FCS1 was the hardest to forecast.

More specifically, the model based on the RF algorithm provided the best results for FCS1
and FCS2, i.e., the school canteens, especially in terms of minimizing the number of wasted meals
in 2019. The predictions of the RF model were better than those of the baseline models in terms
of both the number of meals wasted and the number of meals served. Although the model based
on the transformer neural network provided forecasts that would minimize the number of meals
wasted, this would happen due to an underestimation, and therefore at the cost of increasing the
number of meals not provided. Thus, for FCS1 and FCS2, adopting the model based on the RF
algorithm would be the best option. This is also reinforced by the RMSE, MAPE, and R2 scores
attained.

For FCS3, which operates in a company setting, the best model was instead the one powered by
the LSTM neural network, which performed significantly better than the rest. This model would
be able to minimize the number of meals wasted while also minimizing the unmet demand. This
model’s superiority is also evident from its attained error measures, which were significantly better
than the other models’. Nevertheless, the models based on the RF and LightGBM algorithms also
produced excellent results, beating the baseline model based on the MA of the last 30 days by a
significant amount. Like in the previous FCSs, the model based on the transformer neural network
would lead to the least provisioned meals, but in this case, it would also cause the most wasted
meals out of all the developed models. Additionally, the error measures of the model based on
the transformer neural network were worse than the ones of the baseline model based on the MA

approach, but better than the ones of the baseline model based on the naive approach.

5.5 Discussion

Out of the four proposed food demand forecasting models, only two outperformed the others in a
given setting. More specifically, the model based on the RF algorithm outperformed the rest in the
school settings (FCS1 and FCS2), and the model based on the LSTM neural network outperformed
the rest in the company setting (FCS3). While the setting may partially explain these results, it
is also important to analyze the time horizon and the levels of demand of each FCS. The model
based on the LSTM neural network excelled in a context with an extensive time horizon (nine

years) and high demand (around 1,900 daily meals), while the model based on the RF algorithm
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stood out in two contexts with short time horizons (between three and four years) and a more
modest number of daily meals served (between 200 and 400). Nonetheless, more experiments
should be conducted before claiming any such correlations. Some other noteworthy performances
are those of the model based on the LightGBM algorithm in the context of FCS2 and FCS3 and
the model based on the transformer neural network in the context of FCS1.

Out of the two baseline models, the one based on the MA approach provided the best results
in all studied FCSs. Furthermore, this model always managed to outperform one or more of the
proposed forecasting models. The model based on the naive approach produced the worst forecasts
in the context of FCS1 and FCS3 but managed to outperform the model based on the LSTM and
transformer neural networks in the context of FCS2.

The predictions produced by the developed models were not perfect. However, they were still
significantly better than the best forecasts generated by the baseline models. For FCS1, which
served 56,000 meat meals in 2019, the adoption of the model based on the RF algorithm would
lead to 4,671 meals being wasted. Furthermore, FCS1 would not be able to meet the demand
for 5,276 meals due to underproduction on some days. Although these numbers amount to a
significant portion of the total number of meals served, they are still lower than what possibly
happened (as measured by the baseline model). More specifically, in the test performed for 2019,
adopting the predictions of the model based on the RF algorithm would lead to a 14 % reduction
in the number of wasted meals, or 782 meals, while also serving 195 more meals.

The tests performed for the other FCSs had similar outcomes. In the case of FCS2, which
served 56,000 meat meals in 2019, following the forecasts of the model based on the RF algorithm
would lead to a 27 % decrease in FW (1,210 meals) over the moving average baseline model, while
also being able to serve 251 more meals. As for FCS3, the differences were significantly larger,
possibly due to the size of the canteen and the larger time horizon of the data used to train the
models. Namely, in this setting, it would be possible to reduce FW by more than half, or 31,782
meals, whilst serving 12,703 more meals in the same period.

However, simply stating that applying these forecasting models throughout the test period
(2019) would prevent 18.623 fewer meals from being wasted is disingenuous. Doing so is assum-
ing that the FCSs 1) do their forecasts exactly as the moving average baseline model; 2) follow the
forecasts blindly; and 3) have no measures in place to allow for some variance between the forecast
and actual demand, e.g., produce more meals if the demand is above the one that was forecast, and
recall meals produced or halt production if the demand is below the one that was forecast. Consid-
ering that FCSs can compensate for deviations between the forecast and actual demand, choosing
the model with the lowest RMSE should be beneficial. The more consistently close the forecast
values are to the actual demand, the easier it is for FCSs to perform minor adjustments on the day,
depending on how it unfolds.

The present chapter has some further limitations. First, the three studied settings may not be
representative of how most school or company canteens operate. Thus, the results obtained should
not be generalized. Furthermore, since the data collected corresponds to the number of dishes

served and not the quantity served, the demand estimates provided by the developed models may
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not be the most appropriate in terms of suggesting the amount of food to prepare. This is due to
the fact that the amount served on each plate may vary slightly. Additionally, it is important to
emphasize that although this chapter focuses on the waste generated by FCSs, the amount of waste
generated by customers who do not finish their meals (i.e., plate waste) is very significant.

A further limitation is that the evaluation of the proposed models was supported by baseline
models that were created to mimic the forecasts of the studied FCSs. It was necessary to design
these baseline models because the data collected did not include the estimates made by these
services, possibly because they were never registered. Nevertheless, the adopted baseline models
may not accurately reflect the thought process of the managers of these FCSs and other approaches
may be preferred. It is also important to highlight that the results obtained might have been affected
by some data quality issues, namely the accuracy and accessibility of the data. The proposed
models were limited by a lack of relevant information that could have been used to infer the
potential demand for a particular dish, such as daily menu information (with the exception of
FCS2) and the preferences of individual customers. However, even when daily menu information
was recorded (FCS2), the relatively few days during which a specific menu was served during the

analysis period implied a broad classification of the menus.

5.6 Conclusion and Future Research

Mass amounts of FW are produced annually, leading to immeasurable environmental, social, and
economic consequences. One of the main reasons for FW generation is overproduction, which
comes mainly from poor demand forecasts. Thus, the present work proposes and compares food
demand forecasting models based on different algorithms to support the decision-makers at FCSs.
By having more accurate and reliable forecasts, these decision-makers can make sure that their
services are better prepared to meet customer demand.

To test the performance of the proposed models, data was collected from three different FCSs:
two operating school canteens and one operating a company canteen. Among the tested models,
the ones based on the RF algorithm and LSTM neural network provided the best results. Compar-
ing the forecasts provided by these models with the forecasts of the baseline models, the former
managed to reduce the amount of generated FW by between 14 % and 52 %.

The forecasts provided by the model based on the RF algorithm were more reliable in the
context of the two school canteens, while the model based on the LSTM neural network proved to
be better in the context of the company canteen. The model based on the RF algorithm produced
better results in settings with three to four years of historic data and an average of 200 to 400 meals
served daily, while the model based on the LSTM neural network outperformed the rest when the
data available had a time horizon of more than nine years and around 1,900 meals served daily.

Overall, the LSTM models produce the greatest theoretical amount of FW reduction, both in
absolute and relative terms. This fruitful performance comes mainly from the results of FCS3,
where the results may be a consequence of the longer time horizon of the data, which allowed the

prediction models to better understand and adapt to the setting.



101

The forecasts produced with the support of machine learning techniques proved to be more
accurate and reliable than those that FCSs usually perform on their own. Even the best baseline
model was always beaten by the models based on the RF algorithm or LSTM neural network, by
a significant margin. That said, FCSs that do not rely on machine learning forecasts are better off
relying on an MA approach, i.e., the average of the last known days, over a naive approach, i.e.,
the same demand of a previous day.

Even though the machine learning forecasts beat the baseline models, enabling a theoretical
reduction of FW, it is important to understand that in the setting at hand, there is no one-size-fits-all
algorithm, with different algorithms capitalizing on different features and being more adequate to
different settings. Additionally, this chapter only focused on forecasting demand for a single dish.
Although this dish was the most popular in the case of all three studied FCSs, full menu predictions
could also be beneficial for planning purposes. Moreover, it would be useful for future forecast
works to explore different research avenues, such as understanding individual preferences (in cases
where reservations are made) and/or suggesting future menus in order to motivate demand and
minimize FW. Furthermore, it would be relevant to confirm whether larger time horizons of data
in the field of FCSs are indexed to better forecasting results. Lastly, it would be very interesting
to design a system that can be trained on data from different settings simultaneously in order to

leverage pattern recognition.
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CHAPTER 6 -

Conclusions

This chapter presents the main conclusions of this thesis. The reader will be able to understand how the
research objectives referred to in Chapter 1 have been addressed and what the main contributions of this
thesis are to the scientific community. The limitations of this work and how they may have affected the

developed work are discussed later. This discussion bridges over to the suggestion of future research.

6.1 Fulfilment of the research objectives

The focus of this thesis was threefold: to study MSW, to determine what measures can be taken to
minimize it, and to develop a predictive model for this effect. Each of these three objectives was
addressed in a dedicated chapter, presenting unique methodologies tailored to achieve its goal.

First, a detailed description of the main MSW issues discussed in the scientific community
and in EU-funded projects was provided, and the similarity between the content generated in the
scope of the two spheres was estimated.

Second, an analysis of the quantitative methods applied to FW, the largest part of MSW, was
carried out. For this purpose, three types of analytics were explored, namely the descriptive, pre-
dictive, and prescriptive approaches toward FW. The main characteristics of each type of analytics
were presented, including their methodology and results. This involved introducing the amounts
of FW produced in different environments, the forecasting models used, and the optimization
systems developed in the field.

Finally, a series of demand forecasting models were designed to support existing advances in
the field of FW minimization. These aimed to test the performance of different machine learning
algorithms in different settings, and to evaluate their added value compared to the forecasts used
by the food services themselves.

An article was written in the scope of each goal, which in turn are reflected in the chapters
3,4, and 5. The methodologies used for each are also different given their different underlying
designs. Their disclosure, as well as the data used and the results produced, can all be found in
their respective chapters. Nevertheless, the following subsections will discuss the findings of these

three works, addressing their results and how they respond to the defined research objectives.

6.1.1 Municipal Solid Waste domains

Chapter 3 explores the broad theme of MSW from the perspective of the scientific community and

the EU policymakers through EU-funded projects.
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By analyzing the articles published by the scientific community, the main topic groups are
MSW properties, Pollution and Health Risks, MSW and biomass conversion, Biological treatment
processes, Leaching and extraction of heavy metals, Optimization and site selection of MSW sys-
tems, Environmental Impact Assessment and Sustainability, and Soil and Plant Effects of Waste
Treatment.

The analysis also revealed that the scientific side of MSW is very mature, with works cover-
ing the subject from different perspectives linked to other themes. This includes analysing and
understanding the composition of MSW, repurposing waste for value and energy recovery, deter-
mining optimal waste management approaches, and the evaluation of their impacts in economic,
environmental, and social dimensions. Although MSW characteristics vary from area to area, the
literature still deeply understands its nuances. In addition, there is also a significant concern with
practical applications in trying to reduce, reuse, recycle, recover, and dispose of the existing waste.
Over the years, all the topic groups have shown similar importance, which means that there is a
constant complementation of each domain.

On the other hand, the main topic groups in the projects funded by the EU are Energy conver-
sion, Value extraction and waste valorization, Biological treatment processes, Waste management
processes, Projects and programs, MSW characterization and policies, Sustainability and pollu-
tion, and Practical experimentation test systems.

The projects and programs are aimed at motivating countries to do better and to address the
consequences of MSW, which means that over the years more emphasis has been placed on the
present and near future problems associated with MSW. Consequently, the EU has placed signif-
icant emphasis on exploring options to mitigate the consequences of MSW. This highlights the
need to address challenges in formulating waste management plans and other essential municipal
programs, which are essential for promoting the development of effective strategies to mitigate the
impact of MSW.

When comparing the description of the EU-funded projects and the articles of the scientific
community, the former is more closely related to the latter than the other way around. Differences
in similarity between the two may be due to the range of topics they cover. Nevertheless, it is
also true that the articles are more similar to each other than to the EU-funded projects. This may
be due to the significant difference in their sample sizes and how EU-funded projects can extract
information from the scientific community or other organizations such as the FAO and the World
Bank.

6.1.2 Quantitative approaches toward Food Waste

Chapter 4 analyzes the quantitative approaches applied in the field of FW in the literature by
examining 65 unique studies. Key features of all three types of analysis (descriptive, predictive,
and prescriptive) are evaluated.

Studies performing descriptive analytics have shown varying approaches to collecting and
presenting FW data, ranging from direct collection to retrieval from third-party sources. There

is a lack of consensus on metrics and measurement methods, making it difficult to compare data
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across studies. Reported FW volumes vary widely due to different time frames and contexts,
ranging from a few hundred to millions of kilograms.

FW demand forecasting has gained considerable popularity, especially after 2012, with an
exponential increase in related scientific papers. Different sectors use different algorithms. Retail
tends to use ARIMA and neural networks, while hospitality favors neural networks, ARIMA,
TBATS, random forests, and naive models. Studies typically consider daily periodicity and employ
causal and time series models, using measures such as Mean Squared Error (MSE) and Mean
Absolute Error (MAE) to assess accuracy. Predictive approaches have been applied to shorter
(daily) and longer (annual) time periods.

The field of prescriptive analytics has evolved significantly since 2018, focusing on optimizing
scenarios to reduce FW generation, extend shelf life, or mitigate FW consequences. It covers
retail, food service, and city settings and employs various programming models, including single-
objective linear programming and multi-objective nonlinear programming. Decision variables are
highly contextual but often revolve around inventory management. These studies lack baseline

comparisons.

6.1.3 Short-term demand forecasting in food catering services

Chapter 5 focuses on the development of demand forecasting models to provide managers with
accurate forecasts to aid in decision-making. Four models are developed based on RF, LightGBM,
LSTM neural networks, and transformer neural network algorithms.

These four models were tested in three different settings: two school canteens and one com-
pany canteen. Among the four developed food demand forecasting models, the model based on
the RF algorithm outperformed the others in the school setting. In contrast, the model based on
the LSTM neural network outperformed the others in the company setting. This difference may
be due to the inherent characteristics of the settings themselves, as well as the time horizon and
level of demand for each food service.

Two baseline models were also created to mimic the predictions of the food services in ques-
tion: one based on a naive approach and the other based on an MA approach. The one based on the
MA approach provided the best results, outperforming one or more of the developed forecasting
models.

However, the developed forecasting models were significantly better than the best forecasts
generated by the baseline models. Considering each food service separately, the developed mod-
els would be able to reduce the number of wasted meals in 2019 by 14 %, 27 %, and 52 %,

respectively, while also being able to serve more meals compared to the MA baseline model.

6.2 Research limitation

The research presented throughout this thesis has been able to achieve all the research goals it

defined for itself. However, the thesis has some limitations that must be acknowledged in any case
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to provide context to the results presented. Although these have been mentioned in their respective

chapter, a synopsis of the limitations will also be provided in the following paragraphs.

An overall limitation of this work is related to the availability and quality of the data used
in all three works. The data used in Chapters 3 and 4 has been queried through databases using
keywords. Although in both cases the keywords adopted had the purpose of retrieving the relevant
works, it is possible that studies were captured but were not relevant to the theme in question,
or relevant studies were not captured with the keywords used. Although the first case is not as
relevant for the study in Chapter 4 since the studies were individually considered, this may be

problematic for the study in Chapter 3 since there was no manual pruning done.

Further, the databases used - the Elsevier SCOPUS and CORDIS databases for the study in
Chapter 3 and the Elsevier SCOPUS and Web of Science databases for the study in Chapter 4 -

may not be representative of the scientific community and EU policymakers.

On the other hand, the data used in Chapter 5 may not depict how most schools or company
canteens operate, difficulting the generalization of the results. Furthermore, since the collected
data corresponds to the number of dishes served and not the quantity served, the demand estimates
provided by the developed models may not be the most appropriate for suggesting the amount of

food to prepare.

Another overarching limitation may be related to the methodologies adopted. In Chapter 3,
LDA models are employed. However, the corpus size of the EU-funded projects description is
not big, and this application may not be as fruitful. Regarding Chapter 4, although the PRISMA
statement methodology was applied and is a prevalent and renowned methodology, the screening
process can be somewhat subjective. Furthermore, the exclusion criteria used for the screening
process affect the choice of studies to include and analyze in the review. Although necessary,
it introduces additional subjectivity into the process that can inadvertently omit relevant studies
or introduce bias into the review. Lastly, for Chapter 5, the baseline models adopted may not
accurately reflect the thought process of managers. In addition, FCSs do not follow forecasts
blindly. They can perform minor adjustments on the day, adapting their demand depending on

how it unfolds.

Regardless, the above limitations should not hinder the conclusions taken from the mentioned
works. In fact, they can be seen as an opportunity for future research, complementing the literature

with more robust studies.

6.3 Future Research

This chapter has presented the main findings of the work carried out in this thesis and also dis-
cussed its limitations. Nevertheless, the limitations mentioned can also be seen as challenges to be

overcome and motivate future research to complement the literature.

For example, when researching the topics covered by the EU policymakers in Chapter 3, the
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EU-funded projects were used to represent them. However, this resulted in a corpus of 140 doc-
uments against over 25,000 articles representing the scientific community. Thus, there is an op-
portunity to query different sources that also represent EU policymakers in order to have a larger
corpus and more robust conclusions. In addition, the application of other methods beyond LDA
and cosine similarity may also provide more objective results.

On another note, the literature review of quantitative methods applied in the field of FW cov-
ered in Chapter 4 is heavily based on defined keywords to extract relevant articles. In this process,
other sets of keywords can be further explored to represent better the area being studied, thus
yielding more appropriate studies. To complement this, the exclusion criteria can also be further
tinkered with to avoid bias and better focus on the relevant studies in the field of quantitative
analysis of FW.

In addition, the work presented in Chapter 4 provides a basis for further development of quan-
titative FW analysis, offering opportunities for future research in each analytical approach. For
example, a standardized measurement framework could improve study comparisons in the de-
scriptive domain. Predictive analysis could benefit from context-specific variables in explanatory
models and the exploration of advanced machine learning techniques, such as transformers for
direct FW prediction. For prescriptive analytics, for example, an optimization system could be
developed to design menus that minimize FW while maximizing meals served and resource effi-
ciency, offering potential avenues for further exploration and development.

Finally, when conducting future forecasting similar to the work in Chapter 5, it could be fruitful
to explore individual preferences and suggest future menus to motivate demand and minimize
FW. Furthermore, it would be relevant to confirm whether longer time horizons of data in FCS
are associated with better forecasting results. Finally, designing a system that can be trained
simultaneously on data from different environments to exploit pattern recognition would be very

interesting.
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