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Preface

The current global climate and sustainability crisis has pushed enterprises
to reduce their harm and increase their positive impacts on the environ-
ment and society. Technology is seen as a critical facilitator for this transi-
tion. Researchers, practitioners, and politicians are increasingly
recognizing the potential of artificial intelligence (Al) as a vital tool in
this transition due to its ability to expand the analytical capacity for
data — including sustainability-focused data. In past years, deep learning
has proven effective in extracting patterns from big data by using neural
networks. This technology has substantially impacted our abilities to
forecast, measure, and manage risks and has resulted in a significant
increase in the uptake of Al technologies in industry, government, and
research.

In business, Al has been employed to improve operational efliciency
and profitability through automation, sales forecasting, inventory and
supply chain management, and the prediction of maintenance tasks.
While the business interest in Al often focuses on its ability to increase
profitability, Al also has the potential to help mitigate climate change by
enhancing the ability of businesses and the public sector to behave more
sustainably through the optimization of material and transport cycles in
manufacturing and operations, as well as increased adaptation capacity
through forecasting and simulations, among other areas.



Vi Preface

Artificial Intelligence for Sustainability — Applications, Innovations, and
Policies for Business is an edited collection that explores the theory and
mechanisms behind sustainable Al innovations and their applications in
business, investment, and regulatory processes and activities. While arti-
ficial intelligence has been the subject of many discussions, this book
focuses on its application in a sustainability context, contributing to a
significant gap in the literature. The editors have selected chapters that
provide readers with an inclusive review and a critical analysis of new
sustainability developments and innovations at the intersection between
artificial intelligence and sustainable business practices and public admin-
istration. These contributions also investigate the potential negative con-
sequences associated with Al, including the need for regulatory oversight,
the reduction of human consciousness in decision-making, and the
potentially negative externalities related to Al
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Artificial Intelligence for Sustainability:
An Overview

Thomas Walker, Stefan Wendt, Sherif Goubran,
and Tyler Schwartz

1.1 Introduction

Businesses are expected to embrace sustainability to reduce their adverse
effects on the environment and society while, at the same time, strength-
ening their organizations’ positive impacts. This sustainability paradigm
has pushed enterprises to investigate means to replace fossil fuels with
cleaner energy sources, minimize their carbon footprint and waste,
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optimize their logistics, reduce the negative environmental and social
externalities throughout their supply chains, and assess the impact of
their sourcing and procurement practices (Hepburn & Bowen, 2013).
Not sufficiently dealing with environmental and social or societal risks
constitutes a substantial financial risk for corporations and investors
(Ekins & Zenghelis, 2021), and research indicates that less sustainable
companies are considered less creditworthy (Hock et al., 2020).

This edited volume explores how artificial intelligence (AI) can sup-
port or even drive the transition to more sustainable business practices.
Even though developments in artificial intelligence have been ongoing
for about seven decades, Al has attracted particular attention and invest-
ments in recent years. Total global corporate investment in artificial intel-
ligence has increased more than sevenfold since 2015, reaching more
than USD 90 billion annually in 2021 and 2022 (Statista, 2023). Based
on sensory inputs, one of the main applications of artificial intelligence is
prediction, for example, of human behavior. Judgment as an assessment
of consequences is an area where artificial intelligence is advancing but
where human judgment is still needed, e.g., when it comes to ethical
judgment or emotional intelligence. Performing actions based on the cor-
responding decisions refers to robotics which has also seen huge advance-
ment (Agrawal et al., 2017; for definitions of Al systems, see Russell &
Norvig, 2016).

Potential applications of artificial intelligence are manifold. Based on
the computerized ability to analyze, generalize, reason, and learn, artifi-
cial intelligence applications are used in automated decision-making, tar-
geted advertising and recommendation systems, web search engines,
virtual assistants and chatbots, supply chain management, the recogni-
tion of human speech and automatic language translation, image and
facial recognition, medical diagnosis, and autonomous vehicles, to name
a few (Agrawal et al., 2017; Brynjolfsson et al., 2019). Many of these
artificial intelligence applications are based on machine learning, which
uses statistical techniques to allow machines to “learn” with experience by
correcting previous errors at each iteration. More recently, deep learning,
a sub-domain of machine learning, has proven effective in extracting pat-
terns from big data using neural networks inspired by the neurological
basis of brain functioning. Primary applications of deep learning include
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image and voice recognition, text summarization and generation, and
classification, amongst other functions (Dargan et al., 2020). More
recently, large language models (LLMs), trained using large deep learning
models, have also become very popular by introducing “intelligent” chat-
bots such as ChatGPT. While these LLMs have many ethical and practi-
cal implications in our modern society, they also have enormous
environmental impacts resulting from the training and use of the models
(Li et al., 2023; Patterson et al., 2022).

In the business sector, artificial intelligence has been successfully
employed in many areas to improve the efficiency and profitability of
operations, most notably through the automation of tasks that humans
previously handled and by more accurately forecasting sales, e.g., via ana-
lyzing customer behavior, diagnosing when maintenance is needed for
machinery, and managing inventory (Ahmed et al., 2022; Albayrak Unal
et al., 2023; Huang & Rust, 2021). A 2021 survey conducted by
McKinsey shows that 50% more businesses adopted artificial intelligence
in 2021 than in 2020 (McKinsey, 2021). Moreover, Purdy and Daugherty
(2017) estimate that artificial intelligence has the potential to raise profit-
ability by 38% by 2035 across a sample of 12 economies and 16 indus-
tries, which translates to about 14 trillion dollars added for these
economies. Interestingly, though, Brynjolfsson et al. (2019) describe the
paradox of potential productivity increase due to transformative new
technologies on the one hand but reduced overall economy-wide produc-
tivity growth in recent decades on the other. This indicates that artificial
intelligence has indeed a transformative — or even disruptive — character,
which allows businesses that integrate these solutions to establish a com-
petitive advantage while those that do not integrate artificial intelligence
may disappear over the medium or longer run. Moreover, while imple-
menting artificial intelligence requires large investments now, efliciency
and profitability gains will only materialize in the years to come.

As the chapters in this edited volume show, artificial intelligence has an
enormous potential to help mitigate climate change and further environ-
mental and societal challenges by enhancing the ability of businesses to
behave more sustainably. Using artificial intelligence can help reduce
waste through more accurate demand prediction, improve the sustain-
ability of manufacturing and operations through more precise
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monitoring, lower emissions across the supply chain by optimizing routes
and transportation options, heighten transparency about operations
through improved monitoring, and increase adaptation capacity through
forecasting and simulations, among other areas (Walter, 2023).

Despite the benefits of adopting artificial intelligence business solu-
tions to improve our environmental and social footprint, some down-
sides and challenges, including the ecological impacts of artificial
intelligence itself, must be considered. Dauvergne (2022) points out that
efficiency gains do not lead to a reduced use of resources. Instead, they
result in more production and more natural resource extraction. Strubell
etal. (2019) show that training a single large natural language processing
(NLP) model has a carbon footprint equivalent to 125 round-trip flights
from New York to Beijing. As artificial intelligence models continue to
increase in complexity and scale, their carbon footprint will only con-
tinue to grow as long as cleaner energy sources are not used to a larger
extent. Moreover, artificial intelligence might render some job profiles
obsolete, which is a societal challenge that can increase the potential for
unemployment in the short term, and, in the long term, would require
significant changes in educational curricula to ensure the development of
the required skill sets in employees entering the job market (Agrawal
etal., 2017; Huang & Rust, 2018).

While the use of artificial intelligence has been the subject of many
discussions, this book takes a more focused look at artificial intelligence
applications in a sustainability context and thereby closes a significant
gap in the literature. The contributions offer technical, practical, and
policy insights into the different sustainable applications of artificial
intelligence and highlight how these new developments may affect and
contribute to our fight against climate change and further environmental
and social challenges.

This edited book focuses on the positive opportunities of new artificial
intelligence developments and critically explores and assesses the poten-
tial risks and challenges involved in their implementation. These include
the ethics involved in collecting and storing data, the increased demand
these technologies pose to our environment (land, natural resources,
energy), and the large carbon footprint of these applications. Additionally,
the socio-economic repercussions of these technologies are explored. The
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collection also explores the impact these artificial intelligence solutions
have on addressing sustainable development and the 2030 Agenda with
its Sustainable Development Goals (SDGs) (United Nations, 2015).

This collection contains contributions from an international commu-
nity of scholars and practitioners at the interface of data science, artificial
intelligence, sustainability sciences, supply chain management, public
administration, business, and engineering. The contributions review and
critically analyze new developments at the intersection between artificial
intelligence and sustainable business practices and public administration,
focusing on the sustainability benefits of applying artificial technologies
to business, investment, and regulatory processes and activities. The book
documents these developments, exposing the theory and mechanisms
behind sustainable artificial intelligence innovations within business
contexts.

1.2 Overview of Content

This book is composed of eleven chapters in total. After this introduc-
tion, the body of the book is composed of three parts — each with mul-
tiple chapters. The content of each of these parts is summarized below.

Part I: Al and Sustainable Industry Applications

The book’s first part, Al and Sustainable Industry Applications, looks at
applications of Al and sustainability in different industry contexts.

The part begins with Chap. 2, Fast Fashion’s Fate: Artificial Intelligence,
Sustainability, and the Apparel Industry, which discusses the potential of
Al to promote sustainability in the fashion industry, one of the world’s
biggest polluters. Kaplan explains how Al can be applied to optimize
supply chains and encourage environmentally friendly consumption,
reducing the industry’s carbon footprint. The chapter includes case stud-
ies of three fashion companies (H&M, Zara, and Farfetch) that have
incorporated Al to enhance sustainability.

Chapter 3, Artificial Intelligence and the Global Automotive Industry,
examines how the fourth industrial revolution and Al advancements will
reshape the automotive industry’s sustainability, especially regarding
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autonomous vehicles (AV). Selim and Gad-El-Rab discuss the role dif-
ferent key factors and considerations will play in this reshaping including
Al-driven radar and laser tech, commercial risks, changing consumer
behavior, city infrastructure adaptations, and societal response to techno-
logical shifts. Lastly, the chapter looks forward at what the most likely
sustainable outcomes from the AV industry are.

Chapter 4, The Emergence of the Nighttime Artificial Intelligence Robot-
Driven Economy, explores the rise of an Al and robot-driven autonomous
economy. Lee, Oh, and Yi discuss that as these technologies take on roles
from desk jobs to manual labor, businesses might lean towards self-
sustaining systems, optimizing processes such as nighttime operations for
energy savings and infrastructure ease which has many sustainability ben-
efits. Lastly, the authors introduce the concept of a separate nighttime
economy, powered solely by Al and robots, distinct from the traditional
daytime human activities and how this change will play a role in the
future of our society.

Part II: Al and Sustainable Business Operations

The book"s second part, Al and Sustainable Business Operations, looks
at how Al is being leveraged in the operations of businesses to improve
their sustainability footprint.

The part begins with Chap. 5, Strengthening the Sustainability of
Artificial Intelligence: Fostering Green Intelligence for a More Ethical Future,
which discusses the dual role of Al in the business sector—its utility in
sustainability efforts and the ethical and environmental issues associated
with its use, such as exploitative labor practices, discriminatory algo-
rithms, and resource consumption. Swiatek advocates for the greening of
bounding Al in the business sector to limit negative environmental
impacts. This chapter warns that a failure to do so could lead to financial,
legal, and reputational consequences. To illustrate the concept, a case
study of NearMap, a company which has implemented and greened its
bounded Al is presented.

Chapter 6, Predictive Machine Learning in Assessing Materiality: The
Global Reporting Initiative Standard and Beyond, delves into the chal-
lenges of sustainability reporting, specifically addressing the subjective
nature of materiality assessments across various companies and sectors.
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Svanberg, Ohman, Samsten, Neidermeyer, Rana, and Berg introduce
a machine learning approach to standardize and predict materiality
assessments, aligning with the GRI (Global Reporting Initiative) stan-
dards. Additionally, the chapter discusses the application of the SHAP
(SHapley Additive exPlanations) method, offering an advanced perspec-
tive on estimating impact materiality using this tool.

Chapter 7, Artificial Intelligence and the Food Value Chain, looks at the
potential for Al to enhance sustainability throughout the entire food
value chain, from production to distribution. Wendt and Sigurjonsson
highlight the use of Al for resource optimization, reducing fertilizer and
drug use, enhancing efficiency in food processing and distribution, and
minimizing food waste. They show that the benefits of Al mainly stem
from continual monitoring and data analysis of crops, livestock, pro-
cessed products, and storage and transportation conditions.

Part III: The Role of Al in Sustainable Development and the 2030 Agenda

The booK’s last part, 7he Role of Al in Sustainable Development and the
2030 Agenda, discusses how Al is being used in a business context to
address issues illustrated in 2030 Sustainable Development Agenda.

The part begins with Chap. 8, Analysis of Smart Meter Data for Energy
Waste Management, which discusses the application of Al in the analysis
of smart meter data, a tool that promotes energy industry digitalization
and lowers carbon emissions. Batic, Stankovic, and Stankovic discuss
how smart meter data can facilitate the shift to renewable energy sources,
optimize energy supply, and provide insights into home energy usage.
However, the authors show how the fine-grained data analysis could
reveal sensitive personal information, posing ethical challenges and
potentially undermining public trust.

Chapter 9, The Role of Artificial Intelligence in Uncovering Synergistic
Partnerships between Philanthropic Actors Beneficial to the Achievement of
the Sustainable Development Goals, examines the potential role of Al, par-
ticularly NLP, in advancing the United Nations SDGs through enhanc-
ing partnerships among Philanthropic Organizations (POs). Tudor,
Gomez, Giovampaola, Halopé, and Ugazio point out that a major
obstacle to effective coordination between POs is insufficient knowledge

and visibility of the activities aligned with the SDGs conducted by
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others. The proposed Al approach the chapter presents aims to map SDG
coverage by POs in the Swiss ecosystem, thereby increasing visibility and
facilitating the formation of partnerships, thus enhancing cooperation
and resource pooling towards achieving the SDGs.

The book concludes with Chap. 10, 7he Potential Role of Artificial
Intelligence in the Commercialization of Traditional Medicines in Tropical
Regions, which explores how Al can revolutionize the process of identify-
ing effective traditional and complementary medicines from marginal-
ized communities in tropical regions for commercial uses. Smith, Perry,
and Smith discuss how advancements made in Al, driven by enhanced
code, investment, hardware, and accessible datasets, are harnessed to cre-
ate a holistic approach to bring forward not only superior treatments
rooted in traditional practices, but places focus on sustainability, fairness,
and the conservation of biodiversity in vulnerable ecosystems.
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Fast Fashion’s Fate: Artificial
Intelligence, Sustainability,
and the Apparel Industry

Andreas Kaplan

2.1 Silhouette: Chapter’s Contour

The apparel industry is one of the world’s biggest polluters. According to
various reports, it is responsible for 10 percent of global carbon emis-
sions; an additional 20 percent of global wastewater comes from textile
dyeing, while cotton farming accounts for almost 25 percent of insecti-
cide use and more than 10 percent of pesticides (Ellen MacArthur
Foundation, 2017; United Nations Environment Programme, 2019). An
examination of clothing consumption patterns further points to the
unsustainability of mass-produced garments. Between 2000 and 2015,
clothing sales doubled and reached 200 billion products annually, with
the average number of times an item was worn decreased by nearly 40
percent overall (Ellen MacArthur Foundation, 2017).

Conscious of an increasing number of eco-responsible consumers who
are aligning their clothing purchases with their commitment to
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sustainability, several brands are trying to become greener. For some, this
amounts to mere greenwashing, whereas others have implemented mean-
ingful changes. Due to a shift in societal preferences toward more sustain-
able production methods and consumption patterns, it is hardly
imaginable and probably unrealistic to believe that the apparel industry
could continue mass-producing cheap clothes, which are often produced
under dubious labor conditions. Significant change is required to trans-
form such a problematic industry, which currently is far away from com-
pliance with the United Nation’s Sustainable Development Goals (SDGs).
Artificial intelligence’s (Al) application to fast fashion may comprise a
pathway towards greening mass clothing production, notably regarding
SDG 12, which calls for Responsible Consumption and Production.

Al has made significant process since its inception roughly 70 years
ago, and seems to have reached a point in its development where it can
have concrete applications in business (Haenlein & Kaplan, 2019).
Artificial intelligence has become operational on a broad scale and is —
along with sustainability — certainly one of the hot topics of today’s soci-
etal discourse. The COVID-19 pandemic accelerated and accentuated
society’s digitalization and gave Al a further push (Kaplan, 2022):
Whereas, e.g., the Metaverse and virtual worlds (Kaplan & Haenlein
2009a, b) were targeted toward a niche market before the pandemic, the
advantages of working remotely and organizing business meetings in
Al-powered virtual environments became much more apparent during
the various lockdowns. Consequently, Internet giants such as Facebook
have massively invested in virtual reality technology and Al since. Fashion,
by definition, is at the forefront of innovation; embracing Al in such a
trend-driven industry should, therefore, come as no surprise.

This chapter explains how Al can improve the sustainable production
and consumption of apparel items. To do so, it first gives an overview of
Al analyzes and decrypts its potential in addition to associated challenges
and risks, and provides several examples from the retailing and clothing
industry. Then, it shows how Al can be applied to the fashion sector to
reduce its carbon footprint significantly. Furthermore, this chapter pres-
ents three case studies from two fast-fashion brands (H&M and Zara)
and one luxury fashion retail platform (Farfetch) — all of which have
begun applying artificial intelligence to their processes to increase
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sustainability. Finally, this chapter concludes with recommendations
regarding the fate of fast fashion.

2.2 Pattern: Al and Algorithms

Artificial Intelligence is defined as “a system’s ability to interpret external
data correctly, to learn from such data, and to use those learnings to
achieve specific goals and tasks through flexible adaptation” (Kaplan &
Haenlein, 2019, p. 17). While Al is not a new technology, it remains a
subject of great interest in the fashion and financial sectors. It provides
many possibilities and considerable challenges to overcome within and

beyond the apparel industry (Kaplan, 2020, 2021, 2023).
(a) Al: Novel, but Not New

The term “Artificial Intelligence” was first coined in 1956, nearly seven
decades ago, during an eight-week-long workshop at the Dartmouth
Summer Research Project on Artificial Intelligence. This event marked
the inception of Al, or what came to be known as the “Al Spring”
(Haenlein & Kaplan, 2019).

What followed was an iteration of Al “summers” and “winters,” i.e.,
ups and downs in Al’s evolutionary trajectory. The first summer lasted
nearly twenty years and attracted significant research funding, accompa-
nied by general hype and enthusiasm. In 1970, Marvin Minsky, an
American computer scientist considered one of the founders of the field
of artificial intelligence, is said to have claimed that within less than eight
years, a machine could attain average human intelligence (Darrach,
1970). As we know, this did not happen, and enthusiasm for Al dropped.
Due to computational power not growing at the expected speed, Al-driven
applications were not in line with expectations. In consequence, funding
became rare; Al winter had arrived. In the 1980s, a second Al summer
began, triggered by investments from the Japanese government and, for
the second time, the US DARPA (Defense Advanced Research Projects
Agency), followed by another cold winter shortly after that, since expec-
tations once again were not met.
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The main reason for Al’s not taking off until recently was insufficient
computational strength. As illustrated by Moravec (1976), computers
would have to be millions of times stronger to display actual Al, neces-
sitating computational power at the same degree as an aircraft that
requires horsepower. New approaches, such as deep learning and artificial
neural networks, have become a reality, enabling substantial advances in
processing power. A new era began in 2015, when AlphaGo, an Al-driven
computer program created at Google, beat the world champion in the
highly complex board game Go, which had been widely considered
impossible until then. This novel period embodies the harvest of past Al
advances and progress (Al’s fall period) and completes the four seasons of
artificial intelligence (Kaplan, 2022).

(b) AI: Plenty of Possibilities

Al can be classified into analytical, human-inspired, and humanized
versions depending upon the types of intelligence it exhibits: cognitive
(e.g., competencies related to pattern recognition and systematic think-
ing); emotional intelligence (e.g., adaptability, self-confidence, emotional
self-awareness, achievement orientation); and social intelligence (e.g.,
empathy, teamwork, inspirational leadership) (Kaplan & Haenlein,
2019). Most Al systems that fashion retailers use today fall into analytical
Al For example, Amazon, one of the world’s biggest apparel sellers, uses
analytical Al in its Amazon Go Store, recommendation engine, and
Alexa. A shopper could potentially purchase clothes at the Go Store, get
customized fashion tips from Alexa, and finally receive a personalized
suggestion for further items from Amazon’s recommendation engine, all
based on their past purchases, browsing history, and behavior
(Kaplan, 2020).

Human-inspired Al can understand human emotions and cognition.
Advanced vision software can recognize emotions such as anger, happi-
ness, or surprise at the same level of precision (or better) as humans.
Walmart, known for its affordable apparel, is currently developing facial
recognition software to identify in-store customers’ emotions, for which
it has already filed a patent (Nassauer, 2017). Via video cameras monitor-
ing customer movements and facial expressions, this system could detect
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unhappy or dissatisfied shoppers, applying a scale to the degree of their
dissatisfaction. If the system detects, e.g., several unhappy customers in
the checkout area, more employees would automatically be sent to open
new checkout lanes. Similarly, a sales associate could be dispatched for
assistance if the system spots a frustrated client in the clothing depart-
ment (Nassauer, 2017).

Finally, humanized Al systems would ideally be self-aware and mind-
ful in their interactions with human beings (or other Al systems). For
example, a humanized Al robot helping a couple looking at various home
furnishings would realize whenever they want private time to discuss a
particular item, or on the contrary, when the Al-powered robot’s presence
is a welcome counterbalance to tension between the couple. Such systems
are close to replacing humans. One might even ask oneself if, in the
future, humanized Al robots might become clients of the fashion indus-
try themselves (Kaplan, 2022).

(c) Al: Chock-a-Block with Challenges

Contemplating the various types of Al, one can imagine its ethical
challenges and dilemmas, as detailed in Kaplan and Haenlein’s (2020)
six-dimension framework. When considering a potential customer ask-
ing Alexa to order apparel, the question is whether Alexa works for
Amazon, the end user, or a third-party retailer paying to be Alexa’s “favor-
ite” brand. Might Walmart abuse its facial recognition software to detect
vulnerable customers, selling them costlier products, with sales associates
briefed to be extra welcoming and friendly to those shoppers? Moreover,
humanized Al robots might lead to even more significant societal chal-
lenges with the potential unemployment of some or all human sales
associates.

Moreover, several Al-related technological issues remain unresolved.
For instance, developers can only create accurate and efficient Al systems
if they have appropriate data to train Al If the data collected is itself
influenced by gender or race bias, this will necessarily be reproduced by
the Al-driven system. Pertinent to that, a study by Raji and Buolamwini
(2019) shows that Amazon’s facial analysis technology revealed strong
gender and racial bias. While the system incorrectly identified
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darker-complected women as men in more than 30 percent of the cases,
it did so only in less than 10 percent of the cases for lighter-complected
women. For men, no incorrect identification at all was detected. Most
likely, the system was trained with data mainly from Caucasian men.

Politicians and regulators must intervene to ensure ethical behavior in
an Al-driven fashion sector and beyond (Haenlein et al., 2022). Liability
is one area that needs consideration, along with data protection and pri-
vacy laws. Imagine an Al-driven fashion recommendation system selling
data about body size and weight to an online supermarket, using this data
to target overweight persons with ads for various junk foods. Imagine the
same system, enabled via facial expression software, to detect a person’s
general state of mind, trying to convince an apparently unhappy person
to engage in some comfort shopping. These examples make it clear that
regulation is needed.

Conversely, overly strict regulation might become a barrier to innova-
tion, as investors and inventors might feel compelled to move their activi-
ties to less regulated parts of the world (Libai et al., 2020). For example,
China is reluctant to constrain Al progress, and Chinese citizens are
seemingly more open and flexible regarding privacy and data protection
(Kopalle et al., 2022). This may be part of why Chinese-based fashion
retailer Shein currently has a significant advantage over its competitors,
Forever 21, Primark, and Boohoo, based in the US, Ireland, and the UK,

respectively.

2.3 Ensemble: Apparel, Sustainability, and Al

Despite these problematic areas, environmentally speaking, Al creates
many possibilities for fast fashion to become more sustainable, such as
encouraging more eco-responsible consumption patterns and improving
supply chain and inventory management. However, to fully tap into Al’s
potential, fast fashion needs to rethink its business model altogether.
Whether fashion brands will go in this direction or stick to their old hab-
its represents an ethical juncture for the industry.
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(a) Enhanced Eco-Responsibility via Al-Driven, Enriched Customer
Experience

The first application of artificial intelligence in fashion is to use it as a
recommendation system. Al-driven assistants suggest items to customers
based on their body measurements, purchasing history, and personal
style. Via smart mirrors, customers can try on apparel virtually without
needing dressing rooms. The mirror gives customers the best possible
information by showing side-by-side comparisons of several fashion
items and alternating colors to detect which shade suits a clients skin
tone better. Such systems augment customer satisfaction with chosen
items and result in fewer returns. This is of particular interest in the
online sector, as up to 40 percent of online purchases are ultimately
returned, leading to a high carbon footprint, as often, these items are not
resold but rather destroyed (Byers, 2020). This consumption pattern is
especially observable in China, where shipping is highly efhicient and
low-cost, and returning purchased products has become the preferred
consumer choice (Chen, 2021).

Al even enables complete customization (Kaplan, 2006) and tailor-
made clothing. With the application of three-dimensional modeling
technologies, virtual fitting rooms precisely measure a client’s body and
adjust the digital models accordingly. Such personalization is possible by
simply using one’s smartphone camera during online shopping. For
instance, Japanese fashion designer Yuima Nakazato uses this technology
for his fashion creations. First, Nakazato takes the client’s measurements
using a 3D scanning device before sending the data to an Al-driven
machine that directly cuts the fabric to assemble the complete garment.
Al additionally limits material waste to a minimum by calculating the
perfect cut, while ideal fit reduces the return of items (Mollard, 2020).

Furthermore, custom-tailored items increase a product’s emotional
value, leading to customers keeping such things longer and wearing them
more often (Li et al., 2012), and a memorable purchasing and consump-
tion experience augments this emotional attachment. This might also
lead consumers to customize and buy the same sweater as their friends,
diversifying the possibilities for clothing’s affective potential. Such a
sweater will most likely have high emotional value to the group of friends.
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However, it is unclear how such an approach aligns with fast fashion’s
business model, incentivizing overconsumption and short product life
cycles. This topic is discussed below.

(b) Strengthened Sustainability via Smart Supply Chains and Stock

Supervision

Artificial intelligence and advanced data analytics also lead to opti-
mized supply chain management, significantly improving the forecasting
of sales numbers, fashion trends, and customer behavior. Much scientific
research has been dedicated to it, leading to cost savings and simultane-
ously augmenting sustainability (Bendig et al., 2023; Benzidia et al.,
2021; Naz et al., 2022). According to a Capgemini survey, Al could save
retailers more than €300 billion annually by enabling efficiency in several
supply chain processes and operations (Jacobs et al., 2018). In particular,
the apparel industry has battled inventory distortion for a long time, with
frequent overstocks leading to overproduction, high energy consump-
tion, and enormous waste, i.e., high carbon footprints. Artificial intelli-
gence can help overcome these practices.

Supply chain efficiency is another consequence of the higher usage of
robotics and automation. According to NextMSC (2021), robotics auto-
mation’s value in retailing was estimated at approximately €10 billion in
2020 and is expected to attain just under €30 billion in 2026. Robots will
likely replace the human workforce in various sectors, such as production
and transportation, marketing and sales, and warehouse sorting and
packing. Automation leads to cost reductions and allows for the reshor-
ing of production, potentially overcoming much of the fashion industry’s
highly criticized labor conditions; it also, however, increases layoffs and
unemployment. Nonetheless, optimized supply chains and higher manu-
facturing flexibility reduce environmental impacts. From an ethical point
of view, the fashion industry, like many other sectors, will have to balance
the trade-off between higher unemployment due to increased automa-
tion and lower carbon emissions due to more sustainable supply chains.

Al even can help in choosing more sustainable materials and textiles.
By analyzing a specific design, artificial intelligence can identify eco-
friendly materials, enabling the earth-friendly manufacturing of the
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desired fashion item. Moreover, Al calculates how a specific fabric falls
and a model creases. Lastly, Al can also find more sustainable alternatives
to synthetic textiles without changing a designer’s original vision.

(c) Greener (fast) Fashion via Bold Modification of Business Models

More broadly, the fashion industry’s entire business model would
require a transformation to introduce Al across the sector. Previously, this
chapter discussed Al’s potential to increase a product’s emotional value,
leading to more prolonged and frequent use of said fashion item.
However, this clashes with fast fashion’s current model, which is pro-
pelled by limited or single-use products. To alleviate fast fashion’s envi-
ronmental effects, Al could increase transparency regarding where
materials come from, where products are manufactured, and under what
labor conditions. Consumers could then opt for more sustainable prod-
ucts — which would most likely be more costly — and, as such, not aligned
with the industry’s current pattern of low-cost pricing strategies. In this
respect, Al could even calculate optimal prices by analyzing the cost of
materials, energy consumption, or competitors’ pricing. Above all, one
could include the cost of carbon emissions into the equation, i.e., the
price of sustainability.

Another potential way of reducing the fashion industry’s carbon foot-
print would be to prioritize second-hand markets, consistent with a cir-
cular economy approach, and de-incentivizing fast fashion’s short life
cycles and overconsumption. By the end of 2023, the second-hand
apparel market is forecasted to more than double from €22 billion in
2018 to €47 billion (Sorokanish, 2020). Artificially intelligent apps and
websites could be a powerful means of facilitating the offering and pur-
chase of second-hand apparel, connecting sellers and buyers, suggesting
trustworthy prices, and recommending products. The same approach
could be used for apps and websites specializing in renting clothes for
specific events such as weddings or galas, thus preventing the need to
buy them.

Finally, artificial intelligence can find and simplify the recycling of
fashion items. The United Nations Environment Programme (2019)
found that the apparel industry loses approximately €450 billion
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annually due to its lack of clothing disposal practices and recycling efforts.
Algorithms could increase transparency regarding which fabrics are more
recyclable than others and suggest the ideal processes.

Implementing such changes ultimately depends on the readiness of
high-level decision-makers and a corporation’s main shareholders. CEOs
may be hesitant to give up on profit margins, at least those who aren’t
ardent advocates for sustainability themselves. However, consumers’
growing interest in companies’ CSR and sustainability initiatives may be
a strong argument for gradually implementing such changes.

2.4 Samples: Cases and Companies

Applying the preceding sections’ observations, I present three case studies
of fashion brands using Al toward sustainability. The section first analyzes
the Spanish company Zara, the inventor of fast fashion; second, the
Swedish company H&M; and third, Farfetch, the British-Portuguese
luxury fashion retail platform.

(a) Zara: Fast Fashion’s Forerunner

Pioneer of the fast-fashion movement, Zara transformed an entire
industry through its then-innovative business model. Because of just-in-
time manufacturing and highly integrated supply chains, Zara can design
a new clothing product and start selling it in outlets in no more than
three weeks (Tokatli, 2008). These fast turnarounds enable Zara to adapt
quickly to rapidly changing consumer preferences, leading to its success
story. Despite this much-acclaimed way of doing business in fashion,
Zaras model is increasingly under attack, with sustainability concerns
gaining momentum. Sustainability has become particularly important to
Zara, as pledged by the Spanish retailer itself (Shatzman, 2019). It being
considered the inventor of fast fashion, consumers increasingly criticize
Zara for producing approximately 450 million clothing items per year
and releasing around 500 new products per week, leading to more than
20,000 different designs annually (Allon, 2022).
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While its brick-and-mortar strategy can be considered a success story
compared to its competitors, Zara lacks in its online presence. To gain
online expertise, Zara is pursuing a partnering strategy with several start-
ups. In 2018, Zara entered a partnership with Jetlore (an Al-driven pur-
chasing behavior forecasting platform), with Intel (to reduce inventory
by instantly identifying item volumes in stock), and with Tyco (the com-
pany’s alarm provider, to incorporate microchips into security tags),
allowing Zara to precisely locate products in the supply chain (Dowsett,
2018). Most importantly, it is teaming up with Heuritech and its market
intelligence tool, enabling Zara to analyze up to three million images
posted on social media daily to decrypt the latest consumer trends and
demands. Finally, a partnership with Fetch Robotics enables Zara to use
robotics in its Click and Collect division, i.e., customers order online and
collect their purchases at one of Zara’s brick-and-mortar stores.
Al-powered robots search for the ordered item and place it in dedicated
dropboxes for customers to retrieve (Dowsett, 2018).

Moreover, Zara applies a virtual styling tool embedded into its in-store
mirrors: Shoppers scan item barcodes via Radio-Frequency Identification
(RFID) technology, and the system instantly provides several choices for
combining the respective item with other apparel and accessories. Via
geolocalization technology, customers will be guided in-store via smart-
phone to find recommended items quickly. Furthermore, the Al-driven
system is also employed in Zara’s online store, where shoppers browse
through the various clothing options, guided by their previous purchases
and online behavior, suggesting products available at a close-by store for
pickup in less than 30 minutes. It is anticipated that by offering more
assistance to customers when selecting their clothing, they will be more
likely to choose apparel they genuinely appreciate and, therefore, less
likely to return items once they have reached their homes. As previously
mentioned, lower return rates would reduce waste and thus increase
sustainability.

(b) H&M: The Apparel Industry’s Al Advancements

Having begun using Al in 2016, H&M belongs to the pioneers of
applying Al in the fast-fashion industry. In 2018, the group established a
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dedicated Al department, which is considered a significant step toward
reaching its objective of a climate-positive value chain by 2040. Artificial
intelligence is applied at H&M to predict market demand, optimize sup-
ply chains, and avoid excessive inventory on a highly granular level. More
than 250 data scientists write algorithms that decrypt data from loyalty
cards, store receipts, online purchases, and product returns to forecast
trends and future purchases (Chaudhuri, 2018). In one of H&M’s
Stockholm-based stores, Al identified that customers were mainly female,
preferred higher-priced clothes, were fond of a particular coffee shop, and
often bought items featuring floral patterns. Adaptations were made
accordingly; premium-priced leather bags and cashmere sweaters were
offered in addition to the classic, lower-priced items. These changes led to
significantly higher store sales but, more importantly, to a reduced car-
bon footprint.

Another Al-driven initiative, Body Scan Jeans, increases customer
experience and satisfaction, enabling H&M to offer tailor-fitted, on-
demand manufactured jeans. Clients scan their bodies in dedicated in-
store cabins, which are instantly transformed into a digital avatar. Instead
of trying on items, customers can virtually try various styles and colors.
The system provides customers with recommendations adapted to their
body shapes. Via Al the final choice of jeans can be made, perfectly fit-
ting the client’s measurements, within just a few weeks. Personalized
jeans result in lower return numbers and, in turn, lower CO, emissions.

More recently, H&M began assessing each new Al project regarding
potential ethical and societal risks via a nine-principle index, i.e., artificial
intelligence applied therein must be focused, beneficial, fair, transparent,
governed, collaborative, reliable, respect human agency, and secure
(Minevich, 2022). In the past, these principles were used to assess, e.g.,
whether Al would result in discrimination against particular customer
groups or inordinately alter consumer behavior. Establishing the Ethical
Al Debate Club aims at the same objective via discussing potentially
nefarious Al. The club’s goal is to raise awareness of potential moral and
societal issues and challenges brought on by the use of Al Its ultimate
objective is establishing an ethical mindset and a culture of responsible
artificial intelligence across the H&M group. One of the club’s debates
addressed the topic of in-store cameras, via which the retailer can detect
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customers  emotional states by analyzing their facial expressions. The
question was whether such data should be used to adjust in-store adver-
tising, lighting, and music to augment store sales, even if customers are
unconscious of such tracking of their emotions. As a result of discussions
among the club’s members, H&M decided against the set-up of facial
expression technology in their stores.

(c) Farfetch: Couture Fashion’s Not-Farfetched Conscience

High-end fashion, so-called couture fashion, in contrast to fast fash-
ion, is more sustainable since, in theory, better quality clothes results in
higher longevity. Couture consumers should also be more reluctant to
dispose of their apparel due to their emotional value and attachment to
it. Therein, Al can help go even a step further toward sustainability, nota-
bly by increasing customers’ knowledge about reducing their carbon
footprint, potentially leading to more conscientious purchasing behavior.
To tap into this possibility, the luxury fashion retail platform Farfetch,
which sells products from several hundred couture brands worldwide, has
implemented its “Farfetch fashion footprint tool,” guiding consumers
toward more sustainable shopping.

This Al-driven tool calculates and presents scientific data about a given
material’s and fabric’s long-term environmental footprint, detailing its
carbon emissions and water usage. Subsequently, it provides consumers
with more sustainable apparel solutions. Recycled or responsibly sourced
materials are showcased as preferable over less sustainable options such as
cotton, polyester, nylon, wool, silk, or leather.

Farfetch’s fashion footprint tool also suggests that consumers buy
second-hand, listing the environmental advantages of such purchases.
Again, in a very detailed manner, the tool precisely presents how much
carbon emissions and wastewater can be avoided by buying an item pre-
viously belonging to another fashion aficionado. By teaming up with
Thrift+, platform users can send their apparel items — free of charge — to
the partner company, which then resells the garment. Additionally, the
platform provides contacts to repair services, enabling fashionistas to
hold on to their beloved handbags, shoes, and apparel for longer. Second-
hand is presented as the more ethical and sustainable choice, aiming for
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more conscientious and enlightened customer behavior, empowering
customers to “think, act, and choose positively,” as stated on Farfetch’s
website (Farfetch, 2023).

2.5 Trends: Fashion’s Future

Above, I demonstrate how Al is applied to render fast fashion less pollut-
ing. Yet, for fast fashion to become genuinely green, its entire business
model would most likely need to change, i.e., fast fashion becoming eco-
responsible, or slow fashion. This section’s concluding remarks discuss a
further way for fashion to become more environmentally sustainable:
replacing physical apparel with digital garments altogether.

Increasingly, people buy new clothes specifically for social media
appearances, i.e., Instagram influencers who monetize their online pres-
ence by modelling or advertising a vast and varied wardrobe. Yet, being
fashionable on social media does not necessarily require the purchase of
actual clothes: Companies such as Dress-X sell fully digital fashion items
in which they will dress you for your preferred image. The process is fool-
proof: upload a picture of yourself, purchase the desired clothing, and the
service provider will send you back an image with you (virtually) wearing
the new cap, sweater, or bag. You never have to buy the actual item; it is
all digital. While virtual apparel is undoubtedly the more sustainable
option compared to physical clothes, it is not necessarily less expensive:
prices range from around 30-50 euros for a stylish dress, sweater or pair
of shoes to several thousand euros for a (virtual) haute couture suit.

To dive even deeper into the virtual world, think of the Metaverse, i.c.,
three-dimensional virtual worlds that people enter in the form of avatars
via virtual and augmented reality headsets. Avatars, too, will want to be
fashionable and need new (digital) apparel. While Mark Zuckerberg
speaks about his Metaverse in the future tense, predecessors such as
Second Life, created as soon as 2003 and likely the most known of the
first virtual social worlds, have existed for nearly twenty years. Research
shows that users experience these virtual social worlds as an extension of
their real lives (Kaplan & Haenlein, 2009a, b). As early as a decade ago,
they designed, sold, and bought digital clothing (Haenlein & Kaplan,
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2009). If predictions become a reality, we will spend more time in the
Metaverse working and socializing, all in the form of highly authentic
avatars mimicking our facial expressions and body movements — and
wearing digital fashion. This environment will be an (almost) entire new
fashion market to develop.

However, avatars and virtual worlds are energy-consuming and, as
such, polluters. The world’s data centers are responsible for approximately
two percent of global emissions, as much as generated by the entire avia-
tion industry (Vaughan, 2015). Intel estimates that the future Metaverse
would require around a thousand times more power than the world’s
current combined computational capacity (Gartenberg, 2021).
Furthermore, the fashion industry’s future depends upon consumers’
acceptance of new business models, i.e., slower, more costly fashion.
According to a Zalando study (Foroozesh, 2021), while 60 percent of
consumers desire more transparency, including information on what
materials are used, a mere 20 percent actively search for such informa-
tion. However, it remains unclear how many of these 20 percent change
their purchase behavior due to such information, preferring a more sus-
tainable, potentially more expensive option. These numbers somewhat
oppose this chapter’s introduction stating an increasing number of eco-
responsible consumers. Still, when all’s said and done, only markets (and
time) will tell fast fashion’s future fate.
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Artificial Intelligence and the Global
Automotive Industry

Tarek H. Selim and Mostafa Gad-El-Rab

3.1 Introduction

Autonomous vehicles (AV) are rapidly changing how people drive and
transport goods. Self-driving technology is at a stage of artificial intelli-
gence (Al) development that is poised for significant disruptions to the
business and social spheres of the automotive industry and beyond. This
chapter overviews AV technology, as well as its link to Al and emerging
machine learning trends, and their relation to the social, economic, and
infrastructure domains, and subsequently determines the projected sus-
tainability of AVs using critical industry factors. We address Al technol-
ogy and its application to the AV industry by analyzing technological,
social, business, customer, and input supply factors leading to a most
likely scenario for the AV industry’s sustainable future.
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The world is witnessing a new technological revolution, causing a radi-
cal change in how humans live, interact, and work. Also known as
Industry 4.0, this fourth industrial revolution is shaping a new acceler-
ated reality that is altering global society through innovations in many
diverse areas, including AVs. It is integrating the digital, physical, and
biological worlds to create new cyberspace dimensions at a rapid pace.
Virtual reality, machine learning, autonomous driving, and smart robot-
ics are just a few examples of this trend. Schwab (2016) posits that there
are three distinct features of Industry 4.0: (1) scope, (2) velocity, and (3)
impact, which are expected to yield profound behavioral changes, disrup-
tive innovations, and accelerated digital interconnections in the future of
work, production, and society. Al is a core component of Industry 4.0.
Its application to autonomous vehicles will soon profoundly affect social
behavior, the rate of innovation, and the intensity of human-digital inter-
connections (Fig. 3.1).

However, there are valid concerns about the perils of the fourth indus-
trial revolution with respect to security and privacy, the job market, and
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Fig. 3.1 Basic elements of the 4th Industrial Revolution. (Source: Author
Illustration based on World Economic Forum, 2023 and Schwab, 2016)
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rising inequality due to the digital divide. For example, since Industry 4.0
is heavily reliant on artificial intelligence and machine learning, it is
feared that machines will eventually replace human workers and increase
unemployment, with some studies showing that automation may threaten
up to 47 percent of current jobs (Anderson et al., 2016). One important
concern is whether society, businesses, and governments will commonly
adapt to the new industrial revolution. The speed at which technology
evolves, in turn, increases the speed of the labor substitutability process,
which calls for a heightened speed in government regulations, social
acceptance, and job re-skilling to keep up (Fig. 3.2).

With such dynamic advancements, the world is expected to witness a
stark change in how the global automobile industry operates. The inte-
gration of Al and the development of AVs bring with them many oppor-
tunities and challenges.
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Fig. 3.2 Impacts of artificial intelligence and the Fourth Industrial Revolution.
(Source: Author lllustration based on World Economic Forum, 2023)
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Regarding opportunities, the fourth industrial revolution has already
allowed the automobile industry to achieve numerous improvements, a
trend that is expected to continue. Currently, some manufacturers have
already started implementing remarkable developments that have revolu-
tionized the nature of car driving. However, Industry 4.0 will not only
reshape the automobile industry from the producer’s side but for the con-
sumer as well. It will allow car manufacturers to increase customer satis-
faction by adding personalized features that meet constantly evolving
customer needs (Heineke & Kampshoff, 2019; Manyika & Russell,
2020). By doing this, customers will feel like they have a special connec-
tion to their cars.

Additionally, using Al in production will maximize efficiency and
optimize production levels such that most decisions will be data-driven.
Smart algorithms in AVs will help reach destinations faster and drive
more efficiently. Also, AVs can detect unsafe situations and avoid them.
Additionally, AVs tend to minimize the risk of human error during driv-
ing, whether due to driver distraction or a medical emergency, as they
always operate with maximum ability. The presence of self-driving cars is
also expected to reduce traffic jams and the frequency of collisions (Fu-Lee
& Qiufan, 2021; Heineke et al., 2017).

However, the application of Al comes with a list of challenges that put
the AV industry and society at systemic digital risk. There are concerns
about data security, safety, and consumer privacy. Being dependent on
technology and Al every manufacturer and user in the automobile indus-
try will be constantly vulnerable to cybersecurity attacks and privacy
threats. Data Management is another challenge that automobile manu-
facturers face, with heavy reliance on the production and processing of
massive volumes of data. Big data analytics is now required to streamline
data to achieve momentous and concrete decisions (Billington, 2019).
Other critical challenges include the faster pace of AV technological
breakthroughs than their social acceptance, behavioral resistance to
change in adopting new Al standards, and the threat of rising inequality
due to an anticipated digital divide between transport areas (Baltic et al.,
2019; Burns & Shulgan, 2018).

Due to rapid developments in Al and machine learning that continue
to accelerate through the fourth industrial revolution, their direct
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application to AVs has witnessed immense advancement, along with dis-
ruptive innovations, over the past few years. Industry 4.0 enabled the
existence of both the hardware and the software components required for
developing smart driving vehicles. AVs can now operate almost indepen-
dently through smart sensors, cloud communication, big data analytics,
and physical cyber systems. According to the McKinsey Center for Future
Mobility, the adoption of AVs in the United States, for example, is
expected to generate public benefits of more than 800 billion dollars a
year by 2030, and more than half of the benefits will emerge from safer
roads and fewer fatal accidents (Deichmann et al., 2023). The adoption
of AVs will require a shift in how the market is governed and regulated.
It will require changes in consumer driving behavior, and new insurance
and safety mechanisms, with an anticipated fierce degree of competition
in business development and delivery. In addition, road infrastructure
will require digital upgrading to avoid any perils and ensure the smooth-
ness of the AV operations, which is expected to take decades of time to
complete, hence creating digital inequality in the process (Magias, 2023).

3.2 The Six Stages of Self-Driving
and Their Implications

The Society of Automotive Engineers (SAE) and the National Highway
Traffic Safety Administration (NHTSA) define six levels of self-driving
automation in-car technology in the United States. These levels reflect
how much automated control the car has without human intervention in
the process of driving, commuting, parking, and communicating. The
levels of self-driving automation are (see Table 3.1 for an overview of
levels):

(1) Level 0 (No Automation): This level refers to a state where there is
no automation, meaning that the driver must have complete control
over the car and be alert at all times. Moreover, the driver is solely
responsible for monitoring the road, reacting to any traffic changes,
and handling the safety of the people and objects within the car’s sur-
rounding area.
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Table 3.1 Stages of self-driving automation

Levels Technology Social/behavioral City infrastructure
Level 1 Up to 2 assistant Accepted Basic

features
Level 2 3 or more assistant Accepted, with Basic

Level 3 Co-pilot with

features adaptation of
attention to
navigation system
and auto-assisting
features.

Acceptance ongoing. High frequency road

LiDAR, sensors maintenance needed.

Level 4 Al synchronous
mapping
between road
and vehicle

Social resistance to

change as risk to
adaptation, new
safety standards
and insurance
regulations needed,
and legality

Dedicated short-range
comm. (DSRC),
equipment operating in
the 5.9GHz frequency
range, synchronous
mapping between the
roadways and vehicle.

Level 5 Advanced Al

concerns

High risk perception, Central broadcast system is

features, trust issues, new required, continuous
continuous and behavioral pre-synchronous
pre-synchronous,  acceptance is bidirectional
bidirectional needed communication between
mapping road and the vehicle.

Source: Authors’ research, Lynberg (2019)

)

)

Level 1 (Function-Specific Automation): At this level, few automa-
tion features exist, though there are driver-assistance capabilities. For
example, the car may have cruise control as well as dynamic brakes.
These simple features do not mitigate the need for human intervention
as a driver is still required to have full control over the vehicle as well
as constantly maintain a safe driving operation.

Level 2 (Combined-Function Automation): Vehicles are semi-
autonomous at this level. Cars that belong to this level usually have
at least three primary control functions that work coherently.
Examples include auto-brake, lane fitting, and park assist features,
which react to critical disruptions on the road. Nevertheless, the
driver must still be constantly alert and have their hands on the
wheel. The driver is still responsible for the safe operation of
the vehicle.
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(4) Level 3 (Limited Self-Driving Automation): This level is known as
conditional automation. The car serves as a co-pilot, but it still
requires a driver behind the wheel to take over in some conditions
with a comfortable transition time. The car can take control over
most of the critical features in known environments only.

(5) Level 4 (High Automation): Here, cars can drive themselves almost
entirely. They have control over all safety-critical features and do not
need human intervention to function. However, a driver’s cockpit
still exists in the car for the driver to take over in rare emergency
situations.

(6) Level 5 (Full Automation): Fully autonomous vehicles that can
operate anywhere and under any conditions. A human driver is not
needed to operate the vehicle.

Currently, most of the cars available in the new vehicle market are at
level 2 or level 3 of automation. They have cruise control, parking auto-
mation, and GPS mapping options. Additionally, most available cars
have lane fitting assistance, auto-brake sensitivity, keyless entry, and com-
puter hardware using a low-bandwidth memory device. Existing litera-
ture estimates that mass car technology will move towards the full end of
level 3 and the early stages of level 4 within the next five years. AVs have
the potential to reach the end of level 4 and possibly a partial stage of
level 5 in ten years as standard technology in the market. This advance-
ment is under the condition that the current pace of disruptive innova-
tion in the global automotive industry will continue, accompanied by
social acceptance, new safety standards, insurance mechanisms, and
accelerated digital road infrastructure.

3.3 Artificial Intelligence and Technology
Features

Generally, AVs are designed using a sense-plan-act method, which is fun-
damental for most robotic design systems. Firstly, in the sense phase,
sensors, cameras, and radars are installed to gather raw data about the
environment and the exact positions of the vehicle’s surroundings with
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precise accuracy. Secondly, the planning phase allows this raw data to be
analyzed and interpreted in real-time using software algorithms such that
the vehicle uses the interpreted data to plan its own mode of operations.
Finally, the act phase concludes the design, where the vehicle translates
the raw data and plan into actual action, such as accelerating, steering the
wheel, or braking, i.e., self-driving action (Philipp & Padhi, 2017).

The sense-plan-act design is a loop that keeps running all the time.
Sometimes, more than one loop runs at the same time in parallel to one
another. The loop frequency varies from operation to operation, depend-
ing on the action’s nature (Anderson et al., 2016). For example, some
loops run at a very high frequency to initiate emergency braking, while
others, such as changing lanes, run at a low frequency. Each one of the
stages of the sense-plan-act design has hardware and software require-
ments to reach the safest and most efficient AV driving mode (Voelzke &
Rudolph, 2023). The sensors required in an AV fall into three categories:
cameras, radars, and LiDARs.

Regarding camera technology, rear and 360 cameras are currently
available in cars to support the driver by providing visual access to the
vehicle’s surroundings. The three-dimensional camera view is also avail-
able through four to six cameras installed around the car with a very high
dynamic range, allowing clear pictures to be delivered even when the
light is directly on the camera’s lens. Then, a central processing unit col-
lects raw data from the four to six cameras and constructs a full view.
Advanced software is required for this process, which requires high data
storage capacity as well as high power. Thus, a decentralized camera sys-
tem was developed in which the central control unit is removed and only
the smart cameras and the head-unit exist. This is the camera technology
that is currently being used in AV design. The camera system is composed
of medium and high-range cameras. These cameras use Al algorithms to
detect objects near the car, identify them, and calculate the exact distance
between them and the vehicle. The medium-range cameras are responsi-
ble for detecting lane signals, pedestrians, and emergency braking in cars
ahead. The high-range cameras detect traffic signs and road traffic guid-
ance (Voelzke & Rudolph, 2023), which are essential security features
required to keep passengers safe. However, cameras still have serious limi-
tations in terrible weather or extreme environments.
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Radar and LiDAR systems are critical sensing technologies on which
AVs rely heavily. Compared to cameras, they are generally more precise in
any environment or weather. Radar is a radio detection and ranging sys-
tem that uses radio signals’ time of flight to determine the distance
between itself and another object. Radar produces short-range signals for
detecting blind spots, collision warnings, emergency braking, parking,
and automatic distance control. However, radars have a significant limi-
tation because they only work well for identifying metallic objects.
Hence, they cannot detect pedestrians and other non-metallic things
(Anderson et al., 2016; Voelzke & Rudolph, 2023).

LiDAR, a light detection and ranging system, uses a laser beam to
detect and calculate distances between objects and the vehicle. LIDARs
send a laser beam and receive its reflection through a highly sensitive
laser-based sensor. Some advanced LiDARs have multiple laser finders
and constantly rotating mirrors, allowing them to construct a three-
dimensional view of the environment. Other valuable sensors in AVs
include ultrasonic and infrared sensors. Ultrasonic sensors can detect lane
lines and road markings in any environment (Jurgen 2013; Heineke
et al., 2017; Weber, 2022), while infrared sensors can detect pedestrians
and other objects, even in the dark (Fig. 3.3).

Another important requirement for AVs is vehicle-to-infrastructure
communication (V2I). AVs must communicate with roads in real-time
to detect the road lanes, traffic lights, and other navigation information
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Fig. 3.3 Basic road infrastructure for autonomous vehicles. (Source: Author
Illustration based on Jorgen, 2013)
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needed. V2I communication can be unidirectional or bidirectional. That
is, the AV can only receive information from a broadcast system on the
road or communicate with a broadcast base station on a point-to-point
basis. This communication provides a vital safety system (Ozguner et al.,
2012). For example, traffic lights can transfer signals of their current state
and cycle time information to AVs on the road, which can avoid colli-
sions in intersections. Another application for V2I is providing the AV
navigation system with map updates and traffic congestion through a
wireless network.

Overall, for a car to be fully autonomous, the Al system must have
extensive digital requirements to be able to constantly interact with the
surrounding environment and take the right action at the right moment
at the correct location. The current state of Al-featured car technology
has not arrived at this status on a commercial level yet. Accordingly, the
enormous amount of raw data provided by the different sensors of vehi-
cles will need to be analyzed and interpreted efficiently and precisely
without human intervention. This requires a high computing perfor-
mance and large memory bandwidth to analyze the data and the AV car
to act or react quickly. AVs are expected to require a memory bandwidth
of more than 1 Terabyte per second to support the computing perfor-
mance required for dynamic real-time road data (Crowe, 2019; Karkus
et al., 2022). Some computer hardware companies, such as Nvidia, are
producing computing platforms for autonomous vehicles to be able to
process this amount of data in real-time.

Table 3.2 presents the main technical features and requirements for
AVs. This includes radar, LIDAR, cameras, and infrastructure. Moreover,
it presents these Al features’ expected short-run and long-run develop-
ment trends and requirements.

3.4 Autonomous Vehicles (AV)
Industry Forces

A. Competition, Rivalry and Differentiation Points

The market structure for AVs is expected to be an oligopoly with high
upfront costs and a relatively homogenous pricing range with the
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advanced adoption of Al. Producers will be constantly incentivized to
merge or collaborate, and businesses are expected to share their technolo-
gies to cut costs and develop a fast market share advantage over others.

Such a market scenario is currently in the making. For example, Fiat,
Chrysler, and Peugeot have a collaboration project of 50 billion euros to
develop an autonomous vehicle (Wayland, 2019). This collaboration
saves 3.7 billion euros a year without closing any factories, yet thousands
of engineering jobs could be lost. In general, the developed AV market is
expected to consist of a small number of producers with huge capacities.
However, the merging and collaboration incentive will be reduced in the
long run when Al technology becomes readily available for all producers,
and the cost of adoption significantly lowers.

In the autonomous vehicle industry, there is a business advantage for
first movers. First movers in the market for AV will be able to take a high
market share and generate much profit from the industry. This is coupled
with an incentive for mergers and collaborations to achieve scale and
market share advantage. However, this expected high return is associated
with a lot of initial spending on research and development to reach a
product that can be commercially successful in the market. Furthermore,
this expected high return is based on speculations about AVs’ expected
demand, sales, and success. Also, second movers can have an advantage
over first movers by undercutting the prices to gain a market share.
Moreover, they will be able to imitate the technologies innovated by the
first movers without spending a substantial amount of money on research
and development.

In essence, the competition in the AV industry is expected to be gov-
erned by first and second movers while having an oligopoly market struc-
ture with a relatively homogenous price range based on high industry
collaboration. However, over time, such competition is expected to be
more intensive, with less frequent mergers, less collaboration, and more
rivalry in technology adoption (Dhawan et al., 2019).

Due to this oligopoly-structured approach, firms also experience a dif-
ferentiated advantage. The AV industry has different producers differen-
tiation points from the non-AV automotive industry. This is related to
the fact that all the producers depend on the same technological elements
in the production process: radars, LIDARs, cameras, and processing
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units. Moreover, all the AVs will have the same functions. Hence, what
differentiates one producer from another is not technology per se but
rather the safety features, the level of technological advancement in rela-
tion to road infrastructure, and the cost of LIDAR.

The most concerning part and the main differentiating point about
AVs is the safety of the rider and the people around the car. In the not-
too-distant past, an AV vehicle operated by Uber struck a pedestrian in
Arizona, leading to her death (Wakabayashi, 2018). Safety features are
expected to be a main differentiating point among different producers.
The second differentiating point is the level of technological advance-
ment. The advanced AVs have more autonomy features; however, they
are not operable on all roads. This is because they require highly con-
nected and digitalized road infrastructure, which is unavailable every-
where. In addition, they are expected to be expensive, making them
unaffordable. On the other hand, the less advanced AVs are expected to
be more common because of their affordability and because they are
more operable on roads with different infrastructure levels. In retrospect,
moderately advanced AVs are expected to have an advantage over the
other two types on the condition that they have the minimum features
that make them adequately autonomous for customer satisfaction, in
addition to being affordable and operable on most roads.

The third differentiating point is the cost of LIDAR, which is the most
expensive part of the Al components of an AV. LiDARs use laser light to
produce a three-dimensional map of the vehicle’s surroundings. Google’s
Waymo parts setup costs around 150 thousand dollars, with the LIDAR
mapping system alone costing around 75,000 dollars, thus capturing 50
percent of the AV’s total digital Al setup (Crowe, 2019). Consequently,
firms in the AV industry are working on reducing the cost of LiIDAR
mapping systems through economies of scale or breakthrough innova-
tions towards a new LiDAR system, making the AVs more affordable for
the mass public (Spencer, 2020) (Fig. 3.4).

The relatively homogenous pricing range of Al adoption in AVs can be
explained using kink pricing. A kink pricing for new AV demand is
expected due to the disruptive innovation feature of new car technology.
The price is expected to be stable, yet within bounds of a “kink” as fol-
lows: when a new technology appears, the willingness-to-pay feature in
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Fig. 3.4 Price kink for new autonomous vehicle industry demand due to open-
source technology. (Notes: The top flat demand is elastic until a price kink, fol-
lowed by inelastic demand at the bottom. The homogenous pricing range is
expected around P, and maximum output is expected at M until full saturation of
elastic demand is realized)

demand will drive prices above the initial price level, yet due to open-
source technology, such a price hike will only be short-lived. When com-
petitors break through this technological innovation, the new tech
standard will drive prices down due to more competition beyond the
first-mover advantage. Business profits of the first movers will still have
the edge over others, yet such a scenario is not expected to last for a long
time due to imitation and open-source technology.

Additionally, due to the oligopoly nature of the global auto market, in
which Research and Development (R&D) expenses act as a “barrier to
entry” for small players, the tendency to reduce prices to capture higher
market share is limited. Lower prices will only start a price war, and com-
petitors will follow suit by lowering prices even more to outperform the
initial price war. Since technology is expected to be open source, starting
a price war will lower business revenues due to the inelastic demand
behavior attributed to necessitating this new technology.

B. Substitutability
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Substituting non-autonomous vehicles with AVs is expected to decrease
the number of standard street cars. This is because AVs are expected to
boost the overall size of the ride-sharing industry. Existing research shows
that most of the ridesharing fare goes to the driver as the company gets a
small cut. With AV cars depending less on human drivers and more on
Al driving, the fare of ridesharing is expected to decrease, whereby people
will depend more on automated ride-sharing services, which will decrease
the total number of privately owned vehicles on the road. An example of
this sequence of events can be illustrated in the following numerical
example that shows the decrease in the total person-hours spent on
driving:

Case A (30 people, no ridesharing):
[30 people] x 40 hours = 1200 person-hours.
Case B (30 people, 10 of them with ridesharing):

[20 people] x 40 hours + [10 people] x 20 hours (Sharing)
= 1000 person-hours < 1200 person-hours.

Case C (30 people, 10 of them with ridesharing, with externalities):

[20 people] x 40 hours + [10 people] x 20 hours (Sharing)
+ 7 hours (Private) + 8 hours (Externalities) = 1015 person-hours <
1200 person-hours.

Thus, the total person-hours are reduced due to ride-sharing, and the
gap in person-hours will be even more significant as the AV market devel-
ops due to the reduction of ride-sharing costs over time.

This phenomenon is already observable in the United States’ high-
income urban households, where the number of privately owned cars per
household decreases as the size of the ride-sharing market increases (Baltic
etal., 2019). This substitution will also decrease the number of gas emis-
sions and reduce traffic congestion. According to the McKinsey Center
for Future Mobility, the predicted revenues from substitution towards
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AVs will be 1.6 trillion dollars in 2030 (Deichmann et al., 2023). About
one-third of the benefits will emerge from utilizing new parking spaces,
and 15 percent are attributed to workers’ productive commuting time
(Heineke & Kampshoff, 2019). Further benefits include reducing envi-

ronmental damage due to fewer cars on the street.
C. Entry and Exit Conditions

Due to the heavy type of competition in the AV market at its early
stage, producers will need to achieve economies of scale to decrease costs
and offer lower prices. Such a challenge has entry and exit conditions
governed by multiple factors, as summarized in Fig. 3.5. We expect that
entering the market will be fast and competitive with collaboration incen-
tives. Because the industry and AV technology are still in their infancy at
the commercial level, significant funds must be directed toward research
and development (R&D) to achieve a cost-effective and functional AV
with a high market share. Facing an oligopoly market with “big players”,
small and medium firms face high barriers to entering the market.

In the short to medium run, it is expected that there will be mergers
and acquisitions (M&A) in the market, which will create barriers to entry
to smaller firms and yield tacit collusion between large firms, but at the
same time, also attain the benefits of supply-chain collaboration. There
has already been some M&A activity in the market, which may intensify
in the medium term. Currently, automotive suppliers and automakers are

Entry Conditions Exit Conditions / Challenges
* F"'S‘I mover advantage * Second mover undercutting
* Barr[ers lf’ Entry: Small & * Break-Even benchmarking
Medium sized firms . * Mergers & Acquisitions (acquired)
* Oligopoly: Highly Competitive
big producers. * City Infrastructure constraints
% Scale Effects M * Wider market access unattained
* R&D Risk of Imitation * Litigation costs for unplanned damages
* Reduced costs through * Customer behavioral constraints
partnerships and M&A (raiders) (Social resistance to change is
* Patent rights dominant over Al technology)

Fig. 3.5 Entry and exit in the new autonomous vehicle industry
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forming alliances to share the costs of producing AVs. For example,
BMW has formed an alliance with Intel to supply chips and processors
for their AVs. This is only one of many other collaborations between
technology suppliers and AV producers (Lienert & Sage, 2017).

In the long run, AV technology is expected to be available to all firms
as open source; thus, the cost of production will decrease while allowing
more firms to enter the market. Road infrastructure must be compatible
with AVs, which will increase demand, enlarge the market size, and allow
more producers to enter, hence relaxing the initial fast competition.

D. Buyer Choice

Buyer’s choice has both positive and negative psychological factors, as
shown in Table 3.3. Psychology studies have shown that there will be
social resistance to AVs due to loss aversion, endowment effect, and status
quo effect (Honan, 2019; Pankratz et al., 2017; Selim & Gad El-Rab,
2022). Loss aversion is when an individual’s risk preference is to avoid
losing rather than focus on gaining. The endowment effect means that
people tend to overvalue what they already own (or are accustomed to)
due to emotional attachment. In contrast, the status quo effect is the
unwillingness to change the current status, which is simply resistance
to change.

Moreover, people gain utility from owning their cars and being able to
control them, which includes the psychological thrill of driving (Selim &
Gad El-Rab, 2022). Additionally, consumers tend to mistrust and over-
estimate the risks of new technology. They do not fully trust driverless
cars and tend not to feel as safe in them. Rare incidents of AV crashes
negatively affect consumers’ opinions and choices radically, and people
tend to be more sensitive to an automated crash as compared to non-
automated crashes (Honan, 2019; Pankratz et al., 2017).

People’s choices in cars are affected by culture as well (Clark, 2021).
For many, cars are not just considered a means of transportation but
reflect a part of their identity. For example, some people partially buy
electric or hybrid cars to show they are environmentally conscious.
Hence, it is important to note that how society perceives cars is a major
factor in car purchase decisions. In some cultures, cars are a sign of
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Table 3.3 Buyer psychology factors for new autonomous vehicle purchase

decisions

Positive factors (+ve)

Negative factors (-ve)

Less driving effort
(less disutility of effort while driving
an AV)

Less constant burden of
responsibility

(AVs carry less constant responsibility
in parking, cleaning, and
maintenance)

Environmentally friendly

(AV cars are perceived as more
environmentally friendly than
non-AV cars)

Less traffic congestion

(perception that more AV cars on the
street will lead to less traffic
congestion)

Scenery and socializing

(AVs have a better option of granting
more time for relaxation with travel
scenery, socializing, texting, and/or
ride-sharing)

Enhanced productivity

(AVs enhance work productivity with
the option of working while inside
the vehicle as well as reduction of
commuting time)

Technology adoption

(being up-to-date in technology)

Loss aversion

(risk preference to avoid losing rather
than gaining, which relates to
uncertainty of future happiness in
buying a new AV)

Endowment effect

(emotional attachment and more
preference towards technology
already owned and experienced, thus
yielding less preference to Al-enabled
AVs)

Status-quo effect

(behavioral resistance to change
towards AVs as long as they are still
uncommon cars in society)

Less thrill of driving

(due to automation features and
driverless decisions in AVs)

Over-sensitivity to safety

(more sensitivity towards automated
crashes in comparison to non-
automated crashes)

Culture-dependence

(varying forms of independence and
identity according to the location
culture which creates uncertainty in
purchase decision)

Unreadiness of road infrastructure

(waiting time to purchase an AV until
road infrastructure of driving
locations is ready)

independence, social status, and personal freedom (Pankratz et al., 2017).
Approximately 88 percent of households in the United States own at least
one car. In contrast, only 6 percent of households in other countries, such
as India, own at least one car, where cars are not as an important part of
the culture. Lower car ownership per household is particularly common
in developing countries.
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Additionally, people may prefer AVs as they require less effort and less
liability. For example, the disutility of driving in traffic congestion or
driving while tired is a relative psychological benefit of AV adoption.
Moreover, moving to AVs will reduce the liabilities and responsibilities of
car ownership and driving. In essence, the driver will not carry the con-
stant burden of finding a parking space, cleaning the car, paying for spare
parts, and having to do the driving.

E. Input Supply Factors and Challenges

The growing AV industry is a technology-based industry in its input
supply chain. The AV industry’s supply chain has significant bargaining
power in the hands of technology suppliers and innovators. This con-
trasts with the previous history of labor-intensive car production in which
workers generally had low bargaining power. Radar, LIDAR, camera, and
processor companies carry the primary technological components of any
AV. They hold the soul of the AV car in their technology. Accordingly, the
automotive market is witnessing increasing mergers and acquisitions
between automotive producers, technical advancement companies, and
start-ups. One example is Toyota’s acquisition of Jaybridge, an engineer-
ing team working on automated solutions (Crowe, 2019).

The two main technological challenges of AV input supply are (1) to
produce a cost-effective LIDAR system and (2) to develop a fast and
power-efficient chip or Central Processing Unit (CPU).

LiDAR is the most expensive part of the AV. In addition, it is arguably
the safest way the car can develop a map of its surroundings. All autono-
mous car producers are working to find a way to reduce the cost of LIDAR
systems or develop an alternate system that can produce a precise three-
dimensional map of the environmental surroundings of the vehicle.
Luminar, a LiDAR producer that is working with Toyota, Audi, and
Volkswagen, has reached a LIDAR-based system that costs less than half
its LIDAR predecessors, and this can give an enormous advantage for the
car brands working with it if scaled successfully to adoption (Crowe,
2019; Spencer, 2020). Google’s Waymo started its own LiDAR produc-
tion line and is selling it to other producers, hoping to reach low costs
through economies of scale (Dolgov, 2021).
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The second challenge for the input supply is CPUs and chips. The
many sensors and cameras of an AV provide an enormous number of
high-resolution images and high-frame scans of the environmental sur-
roundings of the car. Then, these images and data are processed through
the CPU using highly complex algorithms that plan a move and give the
other car components an order to take action. All of this should happen
in real-time, or the outcome can be disastrous. Moreover, data processing
consumes much power. Therefore, producing a fast and power-efficient
processing unit is critically important and differentiates one producer
from another. In the market for AVs, there are a few input suppliers, such
as Intel, Nvidia, and Qualcomm, that supply chips to all the AV produc-
ers. These companies have significant bargaining power in the AV industry.

Furthermore, acquisitions among technology suppliers are taking
place, giving even more bargaining power to the technology raiders. For
example, Intel acquired Mobileye, a leader in computer vision systems,
for 15.3 billion dollars, one of the most expensive acquisitions in this line
of business (Crowe, 2019; Lunden, 2017). Input supply factors are sum-
marized in Fig. 3.6.

Fig. 3.6 Input supply factors
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3.5 Conclusion and Path Forward

The self-driving car industry is expected to be driven by critical factors for
its sustainable future. This includes a reduced-cost Al system led by
pulsed laser LiDAR with a sufficient loop frequency and GPS bi-
directional cloud technology. Also, R&D collaboration is highly antici-
pated across the input supply chain, which is expected to lead to an
open-source technology in the long-run but with homogenous kinked
pricing and an oligopoly market structure associated with barriers to
entry in the short-run for SMEs. The industry is most likely expected to
yield similar products but with business differentiation using first-mover
market advantage coupled with the business risk of second-mover under-
cutting in both price and technology. A time lag in road infrastructure
slower than accelerated Al adoption is highly expected. Demand behav-
ior is expected to be driven by customer loss aversion and initial behav-
ioral resistance followed by social acceptance and technological adoption
leading to less traflic congestion. Major changes are expected in the asso-
ciated insurance industry, primarily towards pooled insurance account-
ability rather than individual liability, as well as new strictly enforced
safety regulations using pre-crash, crash, and post-crash safety perfor-
mance standards. This will require adaptive government regulations that
could disrupt the industry’s sustainability. Additionally, large investments
in smart city infrastructure are expected, with a sharp digital divide across
transport regions leading to more regional inequality. Our research also
suggests that AV consumers, at the current stage of Al technology adop-
tion, strongly prefer a human-controlled semi-autonomous vehicle rather
than complete machine autonomy.

Further research for the sustainability of the AV industry will require
studies on the extent of post-merger R&D cost reductions, the impact of
“big players” on technology adoption, frequent customer surveys at the
global level, and additional research on the intensity of the digital divide
caused by Al advancement in the self-driving car industry. Lastly, addi-
tional research is needed on the substitution and interplay between AV
and electric cars for the future of global cars.
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The Emergence of the Nighttime
Artificial Intelligence-Robot-Driven
Economy

Steve Lee, Won-Yong Oh, and Irene Yi

4.1 Introduction

®

Check for
updates

Artificial intelligence (Al) and robots do not sleep. They do not tire, nor
do they become distracted, and they can work without interruptions. For
Al and robots, nighttime may be the optimal time to perform tasks with
minimal human intervention and better access to energy and resources.
Automated factories and production facilities have been observed to
function effectively at night. They could be advanced to operate
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autonomously in the future, managed by Al and utilizing Al-driven
robots. Autonomous vehicles can be used for overnight shipping, deliv-
ery, and transportation, fully utilizing the roads while most humans are
asleep. Furthermore, street cleaning, infrastructure maintenance, and
construction can occur primarily at night, facilitated by technologies
such as light detection and ranging (LiDAR) and ultrasound sensors.

In this chapter, we argue that the advancement of Al and robots will
lead to the emergence of a “nighttime economy” (i.e., an economy driven
primarily by Al and robots during human resting hours) as they open
new horizons for economic activity. Unstaffed offices, retail stores, or dis-
tribution centers can all benefit from nighttime operations as energy costs
are lower during off-peak hours when no lighting or air conditioning for
humans is needed, and ambient temperatures are lower, making
equipment-cooling easier (e.g., Seppanen et al., 2003). As Al and robotic
technologies become more advanced, an increasing number of profes-
sions and businesses will benefit from the operational advantages and
cost-effectiveness of nighttime activities. We argue that these advantages
would be attractive enough to pave the way for an Al-robot-driven night-
time economy that is separate from and independent of the human-
centered day economy (Agrawal et al., 2019; Zhuravlova et al., 2020).

Although Al is still in its early stages of development, the recent release
of generative Al models has raised attention regarding the potential
implications for humans as Al begins to reach or even surpass human
cognitive capabilities. While generative Al is beginning to affect jobs in
specific areas, the future state at which Al surpasses human capabilities
would be a crucial turning point. Some refer to this state as Artificial
General Intelligence (AGI), while others refer to it as superintelligence
(Bostrom, 2014), which implies that Al outperforms humans in virtually
all areas of interest. Scientists and futurists speculate that at a specific
juncture called “the Singularity,” technological growth will become
uncontrollable and irreversible, leading to unforeseen and unpredictable
changes in human civilization (Kurzweil, 2005). Because of the progres-
sive nature of Al studies of Al’s future impact would vary depending on
the specific context and period being considered. Some studies focus on
the immediate benefits of early Al systems, such as Al-assisted manage-
ment (Paschek et al., 2017) or hyper-automation (Haleem et al., 2021),
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which is a combination of automation and Al that augments human
capabilities to manage and execute operations more efficiently. Others
focus on subjects like human-machine collaboration (Bolton et al.,
2018), where machines and robots still operate mostly under human
guidance or control.

This chapter explores a more advanced future scenario based on the
realization of AGI, in which Al possesses the intelligence to indepen-
dently create and manage complex systems encompassing businesses,
societies, governance, and economies. As Al rapidly revolutionizes digital
operations and enhances intellectual capacities, Al-driven robots, drones,
appliances, computers, and wearables are poised to bring about profound
changes in the physical world. As Al-robot-driven operations gradually
take on roles currently held by humans in business and society and con-
tinue to grow in scale, their activities will eventually expand to the point
of establishing their own economy. We refer to this state as an Al-robot-
driven economy, a term introduced in contrast to the human-driven
economy, where Al and Al-driven robots autonomously operate and
establish relations among themselves with minimal human intervention.
Differing from concepts like hyper-automation or human-machine col-
laboration, the Al-robot-driven economy assigns Al and robots a more
extensive and proactive role as they pursue distinct goals, purposes, and
methods of execution. As the Al-robot-driven economy advances,
Al-robot-driven businesses will develop their systems to adapt to their
optimal conditions, leveraging underutilized locations and time zones
from human-driven economies. This process will ultimately establish a
balanced ecosystem between the Al-robot-driven world and the
human world.

Divided into four parts, this chapter examines conditions contributing
to the formation of the Al-robot-driven economy. The first part illus-
trates how Al and Al-driven robots will gradually replace jobs and subse-
quently impact human society and urban structures with their superior
capabilities and economic advantages. In the second part of the chapter,
we discuss the key characteristics of the Fourth Industrial Revolution and
its related technologies, highlighting concepts such as decentralization,
localization, and customization, which also characterize the Al-robot-
driven economy. The third part illustrates how these conditions can lead
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to the formation of an Al-robot-driven circular economy and its poten-
tial contribution to sustainability. This part explores how significant
improvements in the efficiency of value chain activities can be achieved
by utilizing digital twins, recycling, refurbishing, and sharing. Lastly, the
final section presents examples and implications across various fields,
illustrating how Al-robot-driven operations can leverage nighttime peri-
ods to execute tasks effectively and efficiently. As technology advances, we
foresee the Al-robot-driven and human-driven economies compensating
for each other, creating balanced ecosystems. We compare these two
economies in Table 4.1.

Table 4.1 The human-driven economy versus the artificial-intelligence-robot-
driven economy

Human-Driven Economy Al-Robot-Driven Economy
1. Drivers Humans with tools Al and Al-driven-robots
2. Operational Daytime-based Nighttime-based
hours Humans mostly work during Al and robots can work
the daytime and on 24/7 every day with
workdays, with breaks minimal breaks. While

during weekends, holidays, they would work during
and vacations. Night shifts ~ the daytime as well, they

are occasionally required, tend to be more
depending on the profitable and efficient
profession. during nighttime.
3. Locations and Urban, centralized Suburban/rural,

form of Human-driven businesses decentralized

development benefit from being located Al-robot-driven businesses
within urban areas, where can operate more
they have better efficiently when they are
accessibility to other among themselves. They
businesses, human labor, would cluster around
human networks, underutilized or outskirt
infrastructure, and areas where they can
services. create their own

ecosystem.

(continued)
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Table 4.1 (continued)

Human-Driven Economy Al-Robot-Driven Economy

4. Labor cost Expensive Inexpensive

6. Resources and
infrastructure

7. Sustainability

The cost of human labor,
including salary, overhead,
and office rents, is
expensive and constitutes
a major portion of
operational costs. Human
skills require education
and training, while
resources are inflexible.

5. Energy cost and Expensive, high

Human workplaces require
air conditioning, lighting,
and equipment usage,
which is concentrated
during the daytime,
including peak hours for
electricity. Daily commute
also demands a significant
amount of energy.

Concentrated

The human-driven economy
operates predominantly
during peak hours when
electricity, internet, and
infrastructure are heavily
utilized. Access to
resources requires
substantial transportation
and shipping.

Linear economy,
human-driven

In a human-driven economy,

products lose track of
information when handed
over to the customer.
Recycling efforts become
inefficient without prior
information, resulting in a
massive amount of waste.

Al is constantly up to date
with all necessary
information and skills and
can operate multiple
robots and equipment
simultaneously. Robots
can be shared across
operations and businesses.

Inexpensive, low

Al and robots can operate
during nighttime, taking
advantage of cheaper
off-peak electricity rates.
They can also benefit
from lower outdoor
temperatures, resulting in
reduced cooling loads.

Distributed

The Al-robot-driven
economy operates
primarily during off-peak
hours through distributed
networks. Its human-less,
digital nature provides
better opportunities for
localized production.

Circular economy,
data-driven

Al and digital twins track
parts and products
throughout their
lifecycles, aiding in
component reuse and
waste reduction. The
sharing economy
enhances the efficiency of
product usage.
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4.2 Transitions Toward
an Al-Robot-Driven Economy

Human workers, operating within their physical and cognitive capabili-
ties, have historically been at the forefront of economic activities. Humans
primarily carried out work during the days, with time off during the
nights and on weekends; thus, humans’ need for time away from work
determined the pace of work. While technological advancements, such as
electricity, automobiles, computers, and the internet, have significantly
improved human capabilities, productivity, and access to information,
these technologies have not altered the fundamental reality that humans
remained central to work and that technologies were tools to achieve
tasks. During the Second Industrial Revolution between the mid-
nineteenth century and the early twentieth century, the production boom
augmented by machines and electricity created massive numbers of man-
ufacturing jobs and new business opportunities. The Third Industrial
Revolution, also known as the Digital Revolution, enabled people to gain
instant access to all kinds of information through computers and the
Internet. This revolution boosted productivity and enhanced connectiv-
ity, leading to globalization and increased worldwide economic activities.
While these technological revolutions expanded human capabilities,
humans were still at the center stage, performing tasks, making decisions,
sharing knowledge, and running businesses. Rather than resulting in job
reduction, these technological changes brought forth new business and
work opportunities, growing the economy and providing compensation
and motivation for humans to continue working.

However, the forthcoming Fourth Industrial Revolution will mark a
significant departure from its predecessors due to the emergence of Al,
which holds the potential to establish fully autonomous systems operat-
ing independently of human intervention. For the first time in history, Al
and robots are poised to challenge the value of human work as Al exceeds
human cognitive capabilities, and Al-driven robots surpass human physi-
cal abilities (Altman, 2021; Brynjolfsson & McAfee, 2014). The Fourth
Industrial Revolution, as defined by Klaus Schwab, is a fusion of advances
in Al robotics, the Internet of Things (IoT), blockchain, 3D printing,
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genetic engineering, quantum computing, and many other technologies
that collectively lead to a revolution in how things work (Schwab, 2017).
With Al leading the transformation, these various technologies will col-
lectively create digital ecosystems and new territories that will operate
beyond human physical and cognitive capabilities. While this transition
may introduce new opportunities for individuals, businesses, and societ-
ies, it will also disrupt the existing social system and economic landscape
(Unger et al., 2018), leading to a re-evaluation of the significance attrib-
uted to work, life, wealth, and social values.

A. Job Replacements

As Al advances, many jobs will likely be replaced by Al or Al-driven
robots (Gibbs, 2022; Nam, 2019). Although this substitution will likely
begin with simpler labor and desk-based occupations, it could progres-
sively extend to more complex and sophisticated positions, such as opera-
tional management, finance, accounting, PR, and sales. Al can quickly
learn tasks and perform such jobs with superior speed, efficiency, and
accuracy (Executive Office of the President, 2016; OECD, 2023). Most
industries, such as manufacturing, construction, banking, transporta-
tion, healthcare, and service, will likely undergo a transition period
wherein professionals collaborate to compile their knowledge into a com-
prehensive database through which Industry Als can quickly learn, ana-
lyze, and utilize the most up-to-date information and standards.
Consequently, tasks that traditionally required years or decades for
human professionals to master could be consolidated and integrated into
all-in-one Al systems, assuming the roles of bookkeepers, lawyers, job
managers, drafters, and salespersons simultaneously. This shift may
reduce human jobs and diminish the hierarchical structure within firms,
as the traditional distinctions between job roles, responsibilities, ranks,
and positions in human workplaces lose relevance. Instead, an integrated
corporate Al controlling many robots for various tasks would be suffi-
cient to run businesses autonomously. Over time, businesses may operate
with minimal input and guidance from humans, reducing their need for
human staff before finally becoming autonomous. These autonomous
businesses will require fewer offices in urban environments, resulting in



62 S. Lee et al.

the decentralization of urban cores and the subsequent restructuring of
human societies (Saltinski, 2015).

B. Operational Cost Reduction

Al-robot-driven businesses offer significant reductions in operational
costs (Jovanovi¢ et al., 2018) compared to human-driven operations.
While humans have traditionally been a crucial factor in driving busi-
nesses and the economy, they also carry substantial operational and pro-
duction costs (Jung & Lim, 2020). These costs include human wages,
overhead expenses, office rents, energy bills, workspace equipment, and
maintenance fees. Human workspaces are notably resource-intensive and
costly, requiring substantial materials, resources, and energy for construc-
tion and operation. Maintaining a suitable working environment for
humans, such as maintaining specific temperature ranges, providing ade-
quate lighting, and ensuring comfortable and productive interiors, add to
these costs.

In contrast, robots and machines can operate in a broader temperature
range and do not rely on well-finished interiors. Additionally, they often
work more eficiently in environments where humans are absent. Unlike
human-robot collaborative workspaces, fully autonomous workspaces do
not require safety measures such as speed limits or safe distances between
humans and robots (Unger et al., 2018). Without being limited to human
scale, mobile autonomous robots can navigate open floors with enhanced
flexibility and efficiency under precise real-time management of Al. This
streamlined approach would further reduce costs in fully autonomous
workspaces. Al-robot-driven businesses thus offer significant reductions
in operational costs (Jovanovi¢ et al., 2018) compared to human-driven
operations.

C. Workplace Relocation

Al-robot-driven businesses can also achieve substantial cost reductions
regarding office rents, particularly for businesses in prime locations.
Historically, human networks and labor supply have driven firms to
maintain offices and workplaces in accessible and prime areas at a
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premium cost. Businesses cluster around urban centers to gain better
access to clients, vendors, and a skilled workforce (Rosenfeld, 1997). As
cities expand to accommodate growing populations, more people con-
tend with higher housing expenses, traffic congestion, energy consump-
tion, waste management challenges, gentrification, and crime rates.
However, due to many businesses no longer needing physical offices for
humans (Yun & Lee, 2019), and with Al-robot-driven workspaces mov-
ing to the outskirts or underutilized areas where they can operate more
efficiently, urban areas will gradually decentralize. This shift will create
more livable environments in urban centers and foster more balanced
development in suburban regions.

4.3 Decentralization, Localization,
and Customization

The advent of the Fourth Industrial Revolution is expected to accelerate
the decentralization of economic activities and foster localization and
customization, in contrast to the post-Second Industrial Revolution’s
mass production, centralization, and urbanization principles. This shift,
driven by the Al-robot-driven economy, brings with it enhanced value
chain optimizations and improved quality of life. Al, digital platforms,
and real-time connectivity crucially facilitate direct and diverse connec-
tions, communication, and transactions between organizations, busi-
nesses, customers, and products. Digital technologies such as Augmented
Reality (AR) and Virtual Reality (VR) enable overcoming physical barri-
ers, while Al interpreters assist in overcoming psychological, linguistic,
and cultural barriers, bringing people closer together globally. The
increased connectivity between devices, vehicles, homes, infrastructure,
humans, businesses, and governments fosters greater coordination, effi-
ciency, and optimized control in operations. Blockchain technology facil-
itates direct economic transactions (Kowalski et al., 2021), while
autonomous driving technology offers affordable door-to-door transpor-
tation solutions. Regarding product deliveries, businesses can directly
send products to end consumers, eliminating the need for distribution
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centers, warehouses, or retail shops. These transformative changes col-
lectively enhance sustainability efforts and foster a more fully circular
economy (Oh et al., 2021; Ramadoss et al., 2018), emphasizing resource
efficiency and waste reduction.

A. Decentralization

As Al-robot-driven workplaces and businesses relocate to suburban
areas and the transition to unstaffed operations increases, urban areas will
gradually decentralize, presenting significant opportunities to create
improved living spaces for human societies (see Fig. 4.1). Since the
Second Industrial Revolution, major cities worldwide have experienced
rapid growth due to the demand for human labor and the necessity for
businesses to establish proximity to supply chains, clients, and human
society. Consequently, the increasing demand for greater access to hous-
ing and comprehensive human services has driven expansion and densifi-
cation to accommodate growing populations.
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While business and job opportunities have historically been the most
significant factors attracting individuals to urban areas (Faggian et al.,
2017), this paradigm is poised to change in the future. As Al-robot-
driven businesses advance their operations, urban cores will rapidly lose
attraction with reduced human job opportunities and business activities.
With technology promoting more work-from-home and flexible work
conditions, off skirt areas will become more appealing with better living
conditions and lower human costs. In this context, daily commutes to
work can be reduced, resulting in considerable time and energy savings
for individuals, reducing traffic congestion and decreasing reliance on
mass transportation. From a broader societal perspective, reducing the
number of individuals commuting to and working in office spaces will
significantly decrease carbon footprints and bring progress to sustainabil-
ity efforts.

B. Localization

In contrast to the previous era of globalization, where production was
often outsourced to developing economies for lower labor costs, a notable
future trend is manufacturing localization (Grossman & Rossi-Hansberg,
2008). This shift toward localization will lead to cost savings in transport-
ing goods worldwide. As labor costs become less influential in production
expenses, the focus will shift toward materials, parts, energy, and trans-
portation costs. Rather than depending on inexpensive labor from devel-
oping nations, future autonomous manufacturing will leverage the
advantages of local communities and supply chains, resulting in reduced
shipping costs and quicker delivery to customers. This transition will go
beyond reducing carbon footprints by reducing the long-haul transporta-
tion of consumer goods providing better-customized local solutions tai-
lored to human needs. Consequently, many technology companies adopt
Al-driven local manufacturing systems (Bogue, 2014).

Although not yet realized, companies like Tesla are planning to estab-
lish fully autonomous “giga factories” on each continent (Naor et al.,
2021), allowing the company to produce and deliver vehicles directly to
customers, thereby reducing their reliance on transportation, dealerships,
and warehousing costs. Emerging automotive companies, such as Arrival,
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are also embracing localized micro-factories equipped with robotic assem-
blies strategically located to meet regional demands and provide custom-
ized solutions. The localization approach will yield significant reductions
in transportation costs, enhance resiliency within local communities, and
achieve a more even balance between supply and demand.

C. Customization

The emergence of an Al-robot-driven economy will lead to a substan-
tial transition towards customization across all aspects of the economy.
This transformation encompasses not only products but also the pro-
cesses of production, retail, and delivery. Unlike traditional automated
factories (Koinoda et al., 1984), autonomous factories will leverage Al’s
capabilities to operate advanced production lines independently while
maintaining flexibility and versatility (Rong et al., 2016). Al-driven
robots can learn and perform diverse tasks akin to human intelligence,
setting them apart from machines or factories programmed for singular
functions. Al-driven Robots can simultaneously become excellent chefs,
builders, musicians, artists, and soldiers with AI at the helm.

In this paradigm, various combinations of Al-driven robots can be
dynamically assembled as a team or individually, hourly, to undertake
specific tasks (Dstergaard, 2018). The Al orchestrates the collaborative
robots’ assignments, ensuring efficient utilization and resource allocation.
Each factory will be equipped to manage a wide range of functions,
enabling customized solutions for each standardized base model, such as
scale, design, material, or accessories. Mass customization and personal-
ization will become the norm in Al-robot-driven factories, diverging
from the traditional mass production approach. Just as a fast-food chain’s
sandwiches can be individually customized for customers, product lines
can deliver tailored solutions to cater to diverse customer needs.
Integrating customization into the production process enhances effi-
ciency and creates more valuable and functional goods for customers
without overexploiting resources. This transformation aligns to produce
sustainable and efficient outcomes by leveraging Al and robotics in
manufacturing.
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4.4 Al-Robot-Driven Circular Economy (CE)
and Value Chain Optimization

A. Intelligent Lifecycle Product Management and Recycling Economy

Al is poised to revolutionize material and product management by
enabling comprehensive information tracking throughout the entire life-
cycle, from material extraction to production, consumption, and recy-
cling (Wilson etal., 2022). Digital twins, which are digital representations
of products or systems, will be used to track components and provide
valuable insights and data-driven decisions. Throughout the entire prod-
uct lifecycle, Al can employ digital twins, product manuals, disassembly
guides, and recycling value chain information to track each component
effectively (Shennib & Schmitt, 2021). In the future, Al-driven robots
will also have the potential to enhance the productivity and efficiency of
the recycling market significantly (Bogue, 2019). Consequently, when a
product reaches its end-of-life stage, it can be easily and fully disassem-
bled into individual parts and materials within a disassembly facility.
Using a reverse logistics process (Hedberg & Sipka, 2021), AT can facili-
tate the refurbishment and reintroduction of individual components and
materials into the production cycle. As the Al-robot-driven Circular
Economy (CE) progresses (Oh et al., 2021), products can be designed to
be easily disassembled and reused from the outset, thus enhancing the
value chain’s efficiency as it evolves.

As illustrated in Fig. 4.2, the Al-robot-driven economy presents oppor-
tunities for growth in the recycling and refurbishing market, as well as in
the used items market and the sharing market. Currently, when products
reach the end of their lifecycle, they lose their connection to the produc-
tion process and become useless. However, with digital twins in the
future, reusable parts and products can be recycled and reintegrated into
the production cycle more efficiently (Tozanlt et al., 2020). In the past,
disassembly for recycling has required significant labor, knowledge, and
skills compared to the initial production process. With the advent of
Al-driven robots that have access to comprehensive data and knowledge
about parts and materials, the recycling market can become more
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appealing. This shift can reduce overproduction and minimize waste
(Gupta et al., 2019). Over time, Al can continuously learn and improve
existing recycling systems, creating more efficient processes that align
closely with the production process. By utilizing Al’s capabilities for
resource utilization and waste minimization, the CE can move closer to
achieving near perfection.

B. Sharing Economy

Integrating Al and digital platforms can substantially enhance the
sharing economy, encouraging improved access to shared products and
reducing the overall demand for goods. Numerous studies have indicated
that implementing a well-established sharing economy, including
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car-sharing (Chen & Kockelman, 2016), peer-to-peer product-sharing
(Martin et al., 2019), and the sharing of home appliances like laundry
machines (Wasserbaur et al., 2020), may vastly reduce carbon footprints
(Christis et al., 2019; Liu et al., 2018). While consumption remains pri-
marily a human-driven activity, technology can enable the more efficient
utilization of assets, crucially reducing overproduction. Many products
worldwide, such as personal vehicles, computers, office spaces, parking
lots, machines, hobby tools, and cooking appliances, are utilized for only
a few hours a day, or during specific periods. Products are often discarded
before the end of their lifecycles, frequently with minimal use. Accordingly,
implementing a system where Al can track these products and provide a
robust sharing platform would yield substantial societal benefits.

The sharing of products through enhanced management—facilitated
by Al—can lead to significant advancements in ridesharing, tool-sharing,
robot-sharing, and space-sharing. Al-driven businesses can offer superior
information, maintenance, and security through applications and digital
platforms. Factories and businesses can share or rent robot labor, tools,
and workspace to reduce costs and enhance operational flexibility.
Moreover, the sharing economy can foster the recycling market’s growth
by enabling more efficient usage of products through rental platforms or
corporate initiatives while maintaining inventory management and
updates. Overall, the convergence of Al and digital platforms through
the sharing economy holds great potential for optimizing resource use,
promoting sustainability, and facilitating a more efficient and collabora-
tive societal framework.

4.5 The Emergence of the Al-Robot-Driven
Nighttime Economy

The Al-robot-driven nighttime economy assumes that Al and robots will
fill most roles currently occupied by humans sometime in the future; part
of this transition includes Al and robots’ search for optimal conditions,
including workspace locations, working hours, spatial arrangements,
organizational structure, and supply chain relationships, to maximize the
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efliciency and sustainability of their operations. Al-robot-driven facilities
will autonomously create local clusters in cities” outskirts for better effi-
ciency and safety. They will share workspaces, robots, energy, and infra-
structure within these clusters, forming a localized network value chain.
These facilities can be situated in areas less attractive to humans or in
suboptimal urban settings for human activities (Erdogan, 2019), such as
lots close to highways, railroads, or underground locations. Networks of
Al-robot-driven facilities can collectively share robots, tools, spaces, and
data on a per-project basis to create a more flexible and versatile produc-
tion system grounded in sharing and collaboration.

While the human-driven economy operates during the daytime,
Al-robot-driven facilities will capitalize on nighttime hours when humans
are typically asleep. This time advantage enables them to benefit from
lower energy costs, improved resource access, and enhanced transport-
ability (Agrawal et al., 2019; Zhuravlova et al., 2020). As a symbiotic
relationship, the human-driven day economy and the Al-robot-driven
nighttime economy serve different purposes and operate within their
respective periods, allowing for the complementary utilization of resources
and capabilities. Figure 4.3 illustrates future industries and tasks that can
benefit from Al-robot-driven nighttime operations.

A. Nighttime Cost Savings — Energy, Internet, and Infrastructure

One of the critical reasons Al-robot-driven businesses will primarily
operate at night is the cost savings from reduced electricity, internet, and
infrastructure expenses. As Al-driven facilities rely on servers, computers,
robots, batteries, and other equipment that require electricity and inter-
net connectivity, these costs comprise a sizable portion of their opera-
tional expenses. Businesses can benefit from lower costs by leveraging
off-peak hours and avoiding peak usage when humans consume the most
electricity and internet services. Many countries offer Time-Of-Use
(TOU) rates, which vary energy prices based on usage time. For instance,
in Ontario, Canada (Ontario Energy Board, n.d.), electricity rates during
ultra-low overnight hours (11 p.m.—7 a.m. every day) can decrease to as
low as 2.4 ¢/kWh, in contrast to the 15.1 ¢/kWh charged during on-
peak hours (from 7 a.m. to 11 a.m. and 5 p.m. to 7 p.m. on weekdays, or
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from 11 am. to 5 p.m. on weekdays during the summer). Al-robot-
driven facilities can benefit from these significantly lower energy rates by
operating during nighttime.

Furthermore, the overall energy usage of Al-robot-driven facilities can
be significantly reduced at night compared to during the day, as a sub-
stantial portion of daily energy costs is attributed to cooling robots, serv-
ers, and equipment. In unstaffed “lights-out factories,” where human
presence is unnecessary, notable cost reductions in energy bills have been
observed due to the absence of air conditioning and lighting required for
human comfort (Lee, 2018). Moreover, as cooling is essential for robots,
servers, batteries, and electric equipment to function correctly, the lower
ambient temperatures at night can help offset cooling loads compared to
daytime operations (Seppanen et al., 2003). This natural temperature
advantage contributes to the overall cost savings in energy consumption
while operating at night. It allows businesses to leverage shared infra-
structure, resources, supplies, space, and transportation more effectively.
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During nighttime, accessibility to these shared resources will improve,
enabling efficient utilization and further cost optimization.

B. Autonomous Nighttime Delivery and Transportation

Al-robot-driven businesses can leverage the night as the primary deliv-
ery window for goods, supplies, and materials, as this time of day presents
several advantages. For example, road traffic is considerably reduced at
night, providing a smoother and more eflicient transportation experience
for autonomous vehicles and robots. Reduced congestion enables faster
and more efficient delivery for both the transportation of goods and
human traffic. In addition, nighttime delivery can be much safer with
fewer humans driving on the road. Historically, human-related accidents
are more prevalent during nighttime due to factors like lower visibility,
fatigue, drunk driving, erratic behavior, and misjudgments.

In contrast, with the advent of autonomous vehicles, Al can provide
safer and more accurate decision-making on roads, making night a more
attractive time for transportation. By operating during the nighttime,
autonomous vehicles and robots can function with increased safety and
reliability, eliminating human factors and related risks. With Al and
robots managing shipping, delivery, and reception, products can be made
readily available for humans before the start of the day.

The relative lack of human interference during nighttime operations
further enhances efficiency. Robots and vehicles can operate at night with
enhanced speed and precision when not navigating human obstacles; this
streamlined operation is particularly beneficial for industries that involve
production, construction, or transportation, where the swift and safe
movement of materials and goods is essential for uninterrupted produc-
tion lines. By assigning delivery vehicles, construction vehicles, waste
trucks, and maintenance vehicles to operate at night, streets can become
less congested during the day, allowing for smoother human transporta-
tion experiences. Diversifying the traffic load on streets by increasing
nighttime operations can optimize resource utilization and improve over-
all traffic flow for daytime human usage. Furthermore, in a sharing econ-
omy, autonomous vehicles present opportunities to optimize
transportation costs by utilizing them for passenger delivery during the
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daytime and transitioning to product delivery during the nighttime. This
approach can lead to further cost reductions.

Implementing localized supply chains and digital platforms allows cus-
tomers to place orders during the daytime, leading to the manufacturing
of custom-made products overnight and their subsequent delivery before
sunrise. By accepting orders throughout the day and organizing over-
night production, this model effectively highlights the possibilities of
capitalizing on nighttime hours to facilitate direct customer delivery and
maintaining equilibrium between supply and demand within local sup-
ply chains. As a result, adopting this approach can significantly enhance
the overall efficiency of the value chain (Zhuravlova et al., 2020).

C. Nighttime Construction, Infrastructure, and Street Maintenance

Another field that can benefit from Al-robot-driven operations is con-
struction. Traditionally, construction projects heavily rely on daylight
due to factors like visibility, project scale, worker safety, and the need for
equipment transitions between separate phases. In the future, construc-
tion processes will be reinvented based on the capabilities of Al and
robots, overcoming human factors and physical limitations such as mate-
rial dimensions, scale, working environment, and visibility. By incorpo-
rating Al management on construction sites, the coordination of
equipment, robot workers, and resources can be improved, reducing
waste and enhancing efficiency. A critical advantage of utilizing construc-
tion robots is the ability to continue work even in weather conditions
hostile to outdoor human labor, such as rain and cold, which often cause
construction projects to halt. This uninterrupted progress can signifi-
cantly reduce the overall construction time and cost. Furthermore, utiliz-
ing off-site autonomous factories to create modular units near resources
and subsequently delivering them to the construction site for assembly
could significantly enhance the overall efficiency of the construction pro-
cess. By integrating Al-robot-driven operations, construction projects
can be conducted around the clock, including at night. This extended
working time allows for accelerated development projects, reducing the
overall construction period.
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As a result of Al integration, street maintenance, waste management,
and cleaning can also experience increased efficiency and frequency, par-
ticularly during nighttime operations. Using an integrated control plat-
form powered by Al, municipal facilities can optimize their tasks and
operations during nighttime hours. One area where this can be particu-
larly beneficial is waste management (Gupta et al., 2019). By leveraging
Al and robotics, waste collection can be conducted more frequently and
thoroughly, resulting in cleaner streets and buildings while also promot-
ing better waste management practices and environmental sustainability.
Furthermore, integrating Al-driven recycling facilities can enhance the
recycling process and contribute to waste reduction efforts.

In summary, integrating Al and robotics in street maintenance, waste
management, and cleaning operations can enable more efficient and fre-
quent services at night. This nightly, Al-robot-driven service can improve
waste management practices, reduce waste volume, and lower congestion
in urban areas. Overall, Al-robot-driven nighttime operations may
enhance the quality of life in cities by optimizing municipal services and
creating a more pleasant urban environment.

4.6 Conclusion

This chapter portrays a future landscape wherein Al-robot-driven busi-
nesses progressively gain autonomy, eventually establishing an indepen-
dent economy and ecosystem. We propose a scenario wherein an
Al-robot-driven economy evolves into a CE, optimizing the use of local
materials and effectively tracking products and components throughout
their entire lifecycle, facilitating comprehensive recycling capabilities.
Businesses can significantly reduce transportation and storage costs by
adopting localized production and delivery approaches. The emergence
of Al-robot-driven businesses in outskirt areas will catalyze local clusters
and networks that promote the sharing of resources and equipment,
enabling the formation of self-sustaining supply chains. Consequently,
urban centers experience decentralization and increased recreational
space for human inhabitants. In addition, we explore a scenario in which
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Al and robots leverage nighttime hours to maximize resource utilization
and gain further independence and autonomy from human society.

As Nick Bostrom highlights in his book Superintelligence (2014), the
timing of and speed at which Al surpasses human cognitive abilities will
be a crucial factor for human civilization in the future. If Al progresses
too rapidly without sufficient preparation, humans and societies might
encounter social problems where, for example, Al dominance impedes
human employment and economic participation. Without trickle-down
effects, the concentration of wealth in a few advanced technology compa-
nies would exacerbate inequality and lead to social issues such as mass
unemployment (Altman, 2021). As was the case in the aftermath of the
Second Industrial Revolution, human societies would likely undergo sig-
nificant conflicts and social upheavals before developing better ways and
systems to maintain societal peace, order, and harmony amidst significant
economic growth.

Inequality will likely be a significant issue during the Fourth Industrial
Revolution among people within local and global societies more broadly.
During the Fourth Industrial Revolution, the advancement of Al-driven
economies is expected to widen the technological gap between develop-
ing and developed countries. The nature and extent of transitions occur-
ring in developed countries equipped with high Al-robot capabilities will
significantly differ from those in developing countries heavily reliant on
low-skilled, labor-intensive industries. Leveraging low labor costs, as
done previously, may become increasingly challenging for less-developed
countries seeking to compete with developed nations. Therefore, the
technological disparities between countries could contribute to social
issues associated with wealth inequality.

In this context, creating a robust framework for a sustainable world
where Al robots, humans, and nature coexist harmoniously is an urgent
task, but it faces significant obstacles (Nishant et al., 2020). Currently, Al
and technological advancements are primarily driven either by profit-
oriented businesses in market-driven societies or by state-controlled enti-
ties in totalitarian regimes. These entities compete for global dominance,
profitability, and power rather than prioritizing the overall well-being of
humanity, so the present situation elicits concerns. The inherent secrecy
and competitiveness surrounding technological advancements make it
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challenging for global organizations or governments to comprehend the
technology thoroughly; similarly, such secrecy impedes the establishment
of comprehensive frameworks and regulations to ensure technology’s uti-
lization for the benefit of society at large. While Al holds tremendous
potential as a future tool, its ultimate impact depends on the underlying
human intentions driving its development. With the right intentions,
transparency, and careful implementation, Al can become a powerful
instrument to create prosperous, balanced, and sustainable future human
societies.
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Green Intelligence for a More Ethical
Future

Lukasz Swiatek

5.1 Introduction

At a time of increasingly concerning global environmental change, the
business sector is being called upon to develop and implement new sus-
tainability initiatives in more innovative ways than ever before. Calls for
establishing these new initiatives are growing ever louder because, as Baba
(2023, para. 3) notes, “we are finally starting to realize the impact of
human and industrial activities” on the Earth and its ability to regenerate
and protect itself. Societies’ unsustainable trajectories have already caused
significant ecological damage and substantial human suffering. The loss
of biodiversity, desertification, deforestation, and climate change are just
some of the consequences of those trajectories (O’Brien, 2016). By 2007,
humanity’s “ecological footprint” had already surpassed the Earth’s bioca-
pacity by 50% (Moran & Wackernagel, 2012). Consequently, humanity

has since found itself in a state of “ecological overshoot,” using the earth’s
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resources faster than they can be replenished (Global Footprint Network
in Cribb, 2009). Fortunately, businesses are increasingly making sustain-
ability a priority in their operations; in the process, they are finding that
“going green” yields unexpected benefits by opening innovative market
niches, increasing employee motivation, generating higher stakeholder
engagement, and bringing about efliciency gains (Shrivastava &
Tamvada, 2019).

Significant and ongoing advances in artificial intelligence (AI) are
helping the business sector implement novel sustainability initiatives at
an increasingly rapid rate. Businesses of many kinds have already found
that multiple Al innovations — such as predictive maintenance, enhanced
supply chain tracking, and smart transportation optimization — are sig-
nificantly strengthening their sustainability efforts (Kompella, 2023). On
an even more basic level, businesses can make use of Al for straightfor-
ward but important efficiency-related tasks. For instance, Al can help to
reduce a business’s energy consumption by studying its patterns of energy
usage and providing insights into improving consumption in ways that
do not compromise productivity (Javaid, 2022). These sorts of initiatives
are continually being enhanced because of the fact that Al is also being
constantly improved, due to rapid advances in research and development,
steadily growing demand for the technology, and enhancements that
allow Al to make improvements without human input (Gent, 2020). The
global COVID-19 pandemic also accelerated businesses’ adoption of Al,
as they raced to use the technology in order to overcome new challenges.
Krishna et al. (2021, p. 2) note that, even though some executives found
themselves suffering from COVID-induced “Al whiplash,” there is a
sense that businesses “can never return to the pre-COVID-19 pace” of
the implementation of the technology.

Although Al brings with it multiple benefits, it also generates issues
that currently lack adequate solutions. These issues encompass the mass
capture — and, in many instances, the misuse — of data that results in the
discriminatory treatment of diverse populations by many different orga-
nizations (ranging from government agencies to corporations), the mis-
takes made by flawed algorithms, the increasing monopolization of the
technology by a handful of “tech giants,” and the fostering of exploitative
labor practices used in the development and running of the technology
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(Crawford, 2021). More extreme concerns relate to Al’'s speeding-up of
cybercrime, such as digital hacking, and Al-enabled terrorism (Marr,
2019). Al itself is neither perfect nor objective; it is also a product of the
imperfect spheres in which it operates more broadly. As Crawford (2021,
p. 211) explains: “They [AI systems] are designed to discriminate, to
amplify hierarchies, and to encode narrow classifications.”

The environmental damage caused by Al is also a particular concern,
especially in light of increasingly worrying global environmental change.
Al runs on technologies that require enormous amounts of energy, par-
ticularly as the data centers on which it relies excessively consume elec-
tricity (Brevini, 2022). As Mosco (2017, p. 150) has noted, these centers
are often powered by non-renewable energy sources, while the wireless
networks that enable access to the centers are actually “considerably less
efficient at energy consumption than are the data centers that have come
in for the most criticism.” Al also contributes to environmental degrada-
tion by requiring the extraction of scarce minerals used in the hardware
that supports it, and generating pollution that contributes to anthropo-
genic — that is, human-caused — climate change (Crawford, 2021).
Additionally, the devices on which Al is used day to day (such as laptops
and phones) — are problematic, as most of them often end up becoming
“e-waste” that harms diverse ecosystems; approximately 50 million tons
of this electronic waste are produced each year, and, according to one
estimate (Ryder & Houlin, 2019), by 2050, the amount of this waste —
that will, by that stage, be fully (or almost-fully) integrated with Al —
could swell to 120 million tons each year around the world.

The business sector is coming to terms with the need to make Al more
sustainable, though, to date, little attention has been given to the green-
ing of Al in both practice and theory. Companies can take highly varied
measures to make their Al use more sustainable, Wiesalla (2022) notes;
these measures span the implementation of training for employees to the
automation of the capturing of data about a company’s Al footprint. A
prominent example of a business that has implemented Al for sustain-
ability is Emirates Flight Catering; in partnership with the technology
company Winnow, Emirates Flight Catering has been reducing food
wastage by using intelligent cameras, meters and smart scales to analyze
food preparation processes, identify the most-wasted food items, and
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calculate the environmental and financial cost of the discarded ingredi-
ents (Paul, 2022). This initiative aligns with the national-level work that
the United Arab Emirates (UAE) Ministry of Climate Change and
Environment (MOCCAE) has been undertaking to reduce food waste
using Al; the national conditions in the UAE allow MOCCAE, as an arm
of the UAE federal government, to bring together the public and private
sector actors effectively (Bridge, 2019). However, the greening of Al has
only recently begun to be given sustained treatment in the scholarly lit-
erature. Greening this technology is vital in light of the growing climate
crisis and the need for companies to achieve corporate social responsibil-
ity requirements by fulfilling not just the triple bottom line (Elkington,
1994), but also the quadruple bottom line (Inayatullah, 2005): that is, by
helping to look after not just people, profit and planet, but also principles
or ethics. To date, green Al — that is, Al that is used in sustainable and
environmentally beneficial ways — has begun to be discussed in diverse
fields, including computing (Pedrycz, 2022), sustainability (Yigitcanlar
et al., 2021), and communication (Masih & Kaur, 2022). However, it
has been subjected to a limited amount of academic analysis (see, espe-
cially, Bertin et al., 2021; Yigitcanlar, 2021) in relation to the business
sector. This chapter helps to fill this current gap in the literature. In so
doing, it provides fresh and timely insights relating to both Al and sus-
tainable business practices.

The chapter argues that the greening of bounded Al needs to be under-
taken by the business sector in order to enhance businesses’ sustainability
efforts and address the current issues surrounding Al. Bounded Al refers
to Al that undertakes a limited number of activities, especially ones that
humans could not undertake by themselves, and that does not harm
humans (with an example of this sort of activity being the analysis of
multiple, extremely large datasets in order to produce actionable insights
within time-critical contexts, such as emergencies or crises). This under-
standing of bounded AI draws on the work of Rossi and Mattei (2019),
particularly their notion of “ethically-bounded AI.” Businesses are ideally
placed to implement bounded Al and to green it in ethical ways, given
their significance and their capacity to provide leadership to other types
of organizations. A failure to green bounded Al will likely result in
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financial, legal, and reputational damage for companies, given the afore-
mentioned issues that Al has already been causing.

In this chapter, a case study of NearMap, an aerial technology com-
pany, is used to illustrate this argument. Launched in 2007 in Perth,
Australia, NearMap provides organizations of all kinds with high-
resolution aerial imagery and, in recent years, has taken steps to green the
bounded AI that it has implemented in its operations. The company
states that the aerial imagery that it produces “offer[s] unprecedented
access to detailed visualizations that tell stories through context”
(NearMap, 2023a, para. 9). The case study explains the ways in which
NearMap has undertaken the ethical greening of the bounded Al that it
uses. This single instrumental case study (Stake, 1995) offers a robust way
of understanding the principles that apply from it to other, similar set-
tings (Yin, 1981). The data for the case study were gathered using con-
ventional qualitative content analysis (following Hsieh & Shannon,
2005) that enabled consistent patterns in the company’s publicly avail-
able (online) communication collateral, such as webpages and annual
reports, to be gathered and analyzed. The goal of this analysis was not to
examine the collateral with a view to understanding signification (or the
meanings of the different elements in the content); rather, it was intended
to identify themes relating to the greening of bounded Al

The remainder of the chapter is divided into five sections. First, the
nature of bounded Al is explained in greater detail. Second, the greening
of this sort of Al (as well as non-bounded Al more broadly) is canvassed
more comprehensively in showing why the greening of the technology is
required. Third, further considerations for the business sector relating to
Al and greening are discussed. Fourth, detailed recommendations for
business leaders, policymakers, and other stakeholders are presented.
Fifth, a conclusion brings together the chapter’s contributions, notes its
limitations, and outlines avenues for further research.
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5.2 Bounded Al

Various labels have been used to describe the different types of Al that
already exist, are believed to be forthcoming, or need to be implemented.
Bounded Al is one of those types and is beginning to be used more widely
in popular discourse. However, the three types of Al that are currently the
main subjects of discussion and analysis are: “narrow Al “general Al,”
and “super AL” Frank et al. (2017) usefully explain that “narrow AI” (also
known as “weak AI” or “applied AI”) is the most widespread and is
business-focused (in dealing with particular tasks, such as analyzing data
or operating software). The second type, “general AI” (also termed “strong
AI”), featuring human-level intelligence, is believed to be decades away
from being completely developed. The third type, “super Al,” is superior
to humans and, it is generally feared, may come to conquer the Earth one
day. These three categorizations of Al are captured in Table 5.1. The third
type of Al, even though it is only speculative at this point in time, is often
the subject of the most significant “Al anxiety” (Johnson & Verdicchio,
2017). Additional labels exist for describing various other categories of
Al —such as “embodied AI” (that takes physical form) and “non-embodied
AI” (that is virtual) — but those additional types are not outlined in this
chapter; for details, see, for example, the essay collection assembled by
Lungarella et al. (2007).

Bounded Al in contrast to other types or categorizations of Al, draws
on ethics-related thinking. As outlined in the introduction, this type of
Al is associated with the setting of limits around Al. As its name suggests,
it is about bounding or circumscribing the activities of Al (both current

Table 5.1 Key categorizations and examples of artificial intelligence

Narrow Al General Al Super Al
Examples Al software that Al (such as a robot) Al, in different forms
analyzes data at  that operates with (such as software or
significant scale the sophistication of robots), that
and speed a human being overtakes humans
and conquers the
Earth

Source: Drawing on Frank et al. (2017)
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and potential) as a way of controlling it more effectively and increasing its
safety (Bhatt, 2018; Johnson & Verdicchio, 2017). As mentioned previ-
ously, this approach is required given the risks and harms that have
already arisen due to the inadequate regulation of Al. Rossi and Mattei
(2019, p. 9785) observe that the creation of robust Al that can respond
effectively to all kinds of living beings and situations, including ones with
unexpected developments, involves granting Al a certain level of freedom
and creativity. At the same time, these authors note that Al should follow
appropriate ethical principles that “should define the boundaries of Al’s
freedom and creativity.” Determining these sorts of ethical principles is a
challenge for Al developers and users. As these authors ask: “Are human
values suitable for machines, given that machines have extended capabili-
ties compared to humans but lack some very relevant human feelings,
such as guilt or empathy, that heavily support human’s ethical behavior?”
(Rossi & Mattei, 2019, p. 9788). Despite these sorts of questions, some
companies have taken practical steps to implement Al in a bounded way.
A salient example is the Canadian independent greenhouse produce
grower Nature Fresh Farms, which has integrated Al into a delimited set
of specific operations: greenhouse growing, irrigation and water reuse,
and packaging and distribution (Nature Fresh Farms, n.d.).

One classic component of ethics relates to avoiding harm, as men-
tioned in the introduction to this chapter; this fundamental component
can be viewed as the core element of bounded Al The principle of non-
maleficence (the ethical duty to avoid causing harm to others) has been
widely acknowledged as a fundamental principle of ethics in moral phi-
losophy, including in deontological ethics (Kant, 1788), consequentialist
ethics (Bentham, 1789), and virtue ethics (Aristotle, 340 B. C. E.). It can
thus be viewed as the most fundamental part of bounded Al. In other
words, bounded Al should both “remove existing harms and prevent
harms that may be likely to occur” (Institute of Medicine, 2014, p. 108).
Removing existing harms might involve using Al in ways that avoid fur-
ther job losses, while preventing potential harms might entail program-
ming Al in such a sophisticated way that it does not injure (at best) or kill
(at worst) human beings. This approach to developing and using Al is
also in line with the “human-centered AI” framework that puts people
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first and prioritizes “high levels of human control” over the technology
(Shneiderman, 2020, p. 495).

NearMap’s integration of Al into its operations very much reflects a
bounded approach to Al. Before becoming one of the world’s largest
aerial survey companies, NearMap operated as a small startup that used
airplanes to capture high-quality aerial photos. Now more diversified, its
operations continue to focus on providing aerial data, especially imagery.
NearMap’s Al-based offering is highly delimited and takes the form of an
“image and object recognition product which enables you to derive
deeper insights of an area or parcel in seconds” (NearMap, 2023b, para.
8). This tightly defined product contains two features. The first, “Al
Layers,” allows customers to add visual overlays on top of the captured
aerial imagery and obtain deeper insights from the Al-generated data.
The second, “Al Parcel Export,” uses Al to integrate the obtained data
into customers’ in-house geographic information system platforms, or
other workflow applications, in order to enrich customers’ existing data
(NearMap, 2023b, para. 9). NearMap’s bounded approach to Al is
reflected not only in the circumscribed or restricted use of the Al technol-
ogy, but also in the high level of human control that is exercised over it
by employees at the company. By setting limits on the use of AI, NearMap
also helps to increase the safety of the technology.

5.3 The Greening of Bounded Al

The bounding of Al is only a partial response to the issues that have been
raised about the technology; the greening of bounded Al helps to address
those issues more fully, especially in terms of sustainability. Greening has
been defined in multiple ways by authors from different fields over time.
Some definitions are wide-ranging; for example, Wolbring and Noga
(2013, p. 88), in their discussion of the key literature relating to sustain-
ability, define greening as “making something more environmentally
friendly.” Other definitions are more specific. For example, Sharma
(2014, p. 3), in his investigation of sustainable innovation efforts by busi-
nesses, defines it as “actions adopted by firms to reduce negative impacts
on the natural environment.” In this respect, greening is pursued by
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corporations with different levels of intensity. In their now-classic study
of corporate greening, Winn and Angell (2000, p. 1129) found that some
companies are highly committed to greening and can be considered
“environmental innovators,” while others are less committed and can be
seen to be “environmental followers.” In the greening of Al, too, some
companies will likely be leaders while others will be laggards.

The greening of Al increasingly needs to be a key part of businesses’
sustainability approaches, given the significant environmental impacts of
this technology. As mentioned in the introduction, Al — through the use
of data centers, networks, and enormous energy consumption (among
other elements) — creates an immense carbon footprint. Training a single
deep-learning model can emit up to 284,000 kg of carbon dioxide equiv-
alent, the same amount as the energy consumed by five cars over their
lifetimes (van Rijmenam, 2023, para. 13). Al also contributes to the cre-
ation of vast amounts of e-waste that contains toxic chemicals; it has been
estimated that 55 tons of mercury alone from electronics in landfills have
already seeped into soil and groundwater globally (Forti, 2020). These
sorts of negative environmental impacts are particularly concerning given
the acceleration of global environmental change. The current crises facing
the planet “driven by decades of relentless and unsustainable consump-
tion and production,” Andersen (2021, p. 5) warns, “are amplifying deep
inequalities and threatening our collective future.”

The greening of Al is also required given the rate of the expansion of
the technology and the need to help safeguard the future of the coming
generations. The technology is developing at an “extremely rapid pace”
(Béranger, 2021, p. xi). Problematically, though, the technology is not
grounded in the ecological systems on which life forms on Earth depend
(Skene, 2020). Although the greening of bounded Al would not incorpo-
rate the technology into these (organic) systems, it would represent a
meaningful step in helping to look after the Earth. It would also aid
future generations. As Scheffler (2018) has argued, humanity has an obli-
gation to worry about the coming generations and the world that they
will inherit, because of the duties of beneficence (in terms of the need to
maximize the future wellbeing of forthcoming generations), the desire for
the current activities that we value to continue, and a general love of
humanity. If companies do not green and bound the Al that they use, the
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risks of financial, legal and reputational damage will steadily grow into
the future. A recent international surge in lawsuits by activists against
companies and governments — numbering over 1000 between 2015 and
2021 — is damaging institutions’ reputations and forcing them to under-
take expensive, speedy measures to implement more effective sustainabil-
ity measures (Bateman, 2021).

Fortunately for businesses, Al can be greened in a range of ways. Edge
computing — enabling Al computations to be performed on devices (such
as smartphones) at the edge of networks, rather than on centralized serv-
ers — is assisting businesses to make their usage of Al environmentally
friendlier (van Rijmenam, 2023). Companies are also tracking energy
consumption, increasing transparency around the carbon footprint that
Al generates, and training employees to strengthen their awareness of
sustainability and the effects that Al has on it (Wiesalla, 2022). For exam-
ple, Siemens has partnered with Dell to address building performance
issues using Al and edge computing. The initiative is helping Siemens not
only understand its buildings’ energy demand and supply needs more
effectively, but also minimize energy use proactively. The greening of
bounded Al is aided in the North American context by growing efforts to
help companies meet their sustainability goals (Dell, 2022). The environ-
mental impacts of training deep learning models are also being reduced
through the use of more efficient algorithms that require less computa-
tional power. Some of the major data centers used by businesses are
increasingly switching to renewable energy. Microsoft and Google, for
example, have committed to using 100% renewable energy to power
their data centers by 2030 (van Rijmenam, 2023). Recyclable hardware,
already available in limited quantities, is also being improved in an effort
to reduce e-waste (Ackerman, 2022).

NearMap has undertaken steps over the years to green its bounded Al
and thus strengthen its sustainability efforts. Although most of the com-
pany’s communication collateral (particularly its set of annual reports)
focuses on general sustainability measures, Al-related greening informa-
tion is provided. NearMap (2021, p. 44) does not try to hide the fact that
it “generates vast amounts of data from its ever-expanding location intel-
ligence content. This content requires increasing data storage and pro-
cessing capacity.” To address this issue, the company has contracted
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Amazon Web Services (AWS) to store its data, thus reducing the energy
consumption it would otherwise use from running its own servers.
NearMap also highlights the fact that AWS is making progress towards
achieving 100% renewable energy for its infrastructure by 2030, thus
also contributing to the greening of the firm’s bounded Al The company
aims to create zero waste, but acknowledges that it still “produces a small
amount of electronic waste.” It has addressed this problem by establish-
ing arrangements with its building management teams for any e-waste
items (such as cables, batteries, and monitors) to be donated to social
enterprise businesses or not-for-profit organizations if those items cannot
be recycled or reused (NearMap, 2022, p. 42).

Other sustainability measures have been helping NearMap to green its
bounded Al. The company states that it monitors its environmental
impact as part of its Health, Safety and Environment Policy, which stipu-
lates that the Board and Executive’s decision-making “must consider
environmental issues a high priority and the identification of potential
environmental issues ... [a focus of] ongoing awareness and regular
review” (NearMap, 2022, p. 42). This policy’s emphasis on sustainability
thus provides a high-level environmentally focused motivation for the
business’s activities, including the ones involving Al. NearMap has also
identified that its direct environmental footprint is generated by energy
consumption, water usage, and waste. It has engaged an accredited exter-
nal assessor to verify third party data of its direct greenhouse gas emis-
sions (GHG) in Australia. The company also makes a financial
contribution towards the purchase of Australian large-scale renewable
generation certificates and Australian carbon credit units that offset GHG
emissions. In terms of its aerial data-capturing activities, NearMap
acknowledges that it “engages third party aerial operators to fly the
Company’s proprietary camera systems. These flights emit GHG.”
However, it claims that it has addressed this issue, saying that “the envi-
ronmental impact is limited given that a typical aircraft flying these sys-
tems is lightweight and carries only the pilot and the camera” (NearMap,
2022, p. 43).

The company has also involved itself in global and local sustainability
initiatives that further contribute to the greening of its bounded Al In
2021, it launched a sustainability program, “NearMap for Good,” which
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is aligned with the United Nations Sustainable Development Goals
(SDGs). The program particularly supports goal 11, “Sustainable Cities
and Communities,” and goal 13, “Climate Action.” At the same time, it
has committed itself to the “Pledge 1%” initiative, pledging 1% of its
product and 1% of its time to supporting the SDGs (Newman in
NearMap, 2022, p. 27). In 2022, NearMap partnered with The Nature
Conservancy Australia, an organization that works in partnership with
Aboriginal and Torres Strait Islanders to care for the land, focusing
(among other things) on preventing devastating bushfires through the
traditional land management techniques of the First Nations people. By
combining local action with sophisticated aerial location intelligence, the
two organizations “have committed to working together to monitor and
manage important conservation projects” as a way of directly tackling the
negative impacts of climate change (NearMap, 2023c, para. 6). In the
Australian content, urgency surrounds these initiatives owing to many
years of inadequate environmental action by governments at both the
state and federal levels (Morton & Readfearn, 2022), highlighting the
fact that the conditions supporting the greening of Al around the world
differ from jurisdiction to jurisdiction. The varied sustainability-focused
activities undertaken by NearMap show that the greening of bounded Al
can be undertaken with an internal or external focus, directly or indi-
rectly, by businesses; Table 5.2 captures these different approaches.

Table 5.2 A summary of the different approaches that businesses can take to
green bounded artificial intelligence

Internally focused greening Externally focused greening of

of bounded Al bounded Al
Direct greening Embedding the greening of Using a sustainability-focused
of bounded Al bounded Al into the server (cloud) provider
business’s policies
Indirect Making the business’s Partnering with an
greening of offices carbon-neutral organization to undertake
bounded Al sustainability activities

Note: Based on the NearMap case study
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5.4 Further Considerations
for the Business Sector

In greening bounded Al, businesses need to keep an eye on the evolution
of the technology and monitor new developments in it, as well as the
broad reactions to it. At the time of writing, Al has made recent headlines
on a couple of occasions for the dangers it poses if it is left poorly regu-
lated (for details, see, for example, Vallance, 2023; Vincent, 2023). If
these sorts of outcries continue, individuals and groups will likely become
even more wary of Al, thus potentially becoming unwilling to engage
further with Al or Al-integrated products and services. Businesses will
need to understand the shifts in sentiment surrounding Al and respond
accordingly. Also, if Al continues to evolve at the extraordinarily rapid
pace at which it has evolved to date, companies may need to take stronger
measures to implement bounding and greening. These measures may
come with increased costs, the need to secure additional expertise, and
potentially the requirement to source special resources. Businesses should
prepare for these scenarios.

As indicated earlier, a significant part of the challenge in this area for
businesses involves showing strong and steady leadership around Al,
greening, and sustainability more broadly. Stakeholders increasingly
expect businesses, with their superior resources, to provide this sort of
leadership, despite the turbulent environments now being created by rap-
idly changing technologies. As Gregory and Willis (2022, p. 39) note,
“The emergence of wider environmental, social and governance ... con-
cerns requires them [leaders] to expand their gaze even further to con-
sider their relationships with a growing spectrum of stakeholders from
across society.” Navigating Al, though, requires additional knowledge
and skills, ones that most business leaders (and employees) might not
have at the moment. For this reason, leaders at all levels of companies
may need to undertake additional and ongoing professional learning in
order to prepare themselves effectively for all kinds of Al developments.
This sort of learning will need to be factored into their schedules (taking
them away from other activities).
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All members of businesses, not just individuals in leadership positions,
should prepare for potentially significant perspective-changes regarding
Al and sustainability. For some individuals, these sorts of shifts in per-
spective may be uncomfortable. Al has already shown that it can operate
in unpredictable ways. Sustainability-related conversations are shifting in
some parts of the world in light of rapid global environmental change
and the worldwide ‘polycrisis’ to which it is contributing (Tooze, 2022).
For example, Barnatt (in Funnell, 2021, pars. 9-12) has precisely com-
mented that typical discussions of sustainability “give[] the impression
that we could all go on living exactly as we live today but sustainably.” He
adds, more bluntly, that, “The only way we can actually preserve things
for the future and look after the environment is to change how we live, to
use fewer resources, to value things in another way.” As these sorts of
perspectives evolve, members of businesses will need to prepare for poten-
tial changes to thinking and, by extension, practice.

5.5 Recommendations for Business Leaders,
Policymakers, and Other Stakeholders

Business leaders should proactively take steps to green bounded Al in
order to avoid facing problems that will require reactive, and potentially
inadequate, approaches to the bounding and greening of the technology
in the future. In particular, business leaders should take steps to accelerate
the greening of Al. As the NearMap case study has shown, greening can
be undertaken in a variety of ways, directly and indirectly, and with an
internal or external focus. Leaders of businesses large and small should
think laterally about the different ways in which Al can be greened and
bounded throughout their operations. To support this lateral thinking,
leaders should consider organizing brainstorming-oriented sessions or
retreats with subordinates, establishing rapid-response committees, or
hiring expert consultants. Leaders may find themselves isolated or unsup-
ported during the initial efforts to green Al in their businesses. If they do
find themselves needing to go out on a limb to implement greening, lead-
ers should remain confident while staying the course and remember the
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importance of the greening task that they undertake. At the same time,
leaders should engage all stakeholders — internal and external — as effec-
tively they can in order to build support for authentic, long-lasting and
widely adopted green Al

Policymakers should also introduce policies that hasten the more wide-
spread greening of Al In particular, these individuals ought to formulate
policies that help businesses transition to the use of steadily greener
Al Although policymaking is not a quick activity, urgency is required on
the part of policymakers given the problems that Al is causing. Left
unchecked, Al-generated problems could rapidly become even more seri-
ous around the world. Given the leadership role that businesses often
play, thanks to the resources that they have at their disposal, it is com-
monsensical for policymakers to aim to support businesses as a matter of
priority; businesses, benefiting from that support, can then look to sup-
port other social actors (ranging from community groups to non-
government organizations). Businesses also need time to transition to
green Al, thus making it all the more important for leaders in govern-
ment to develop policies as expeditiously as they can.

Other stakeholders should increasingly aim to contribute to the green-
ing of bounded Al in their own contexts. The NearMap case study high-
lights the fact that diverse stakeholders — from (external) suppliers to
(internal) employees — can take a myriad of creative approaches to sup-
porting the direct and indirect greening of Al. Above all, the stakeholders
ought to familiarize themselves with the purpose of, and the approaches
for, greening and bounding Al This vital first step will provide them with
a solid foundation for undertaking this sustainability-enhancing work.
As part of the building of this foundation, the stakeholders should con-
sult online sources (ranging from informational videos to trade press
articles) in order to increase their knowledge, and join or form groups to
develop creative solutions for greening Al. They should also actively iden-
tify and use green Al (rather than non-green Al) tools wherever possible,
and engage others in the greening of bounded Al by spreading awareness
(through informal approaches such as conversations and more formal
channels such as posters or flyers).
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5.6 Conclusion

Al can undoubtedly help businesses enhance their sustainability efforts,
though the issues that this technology entails — and, in particular, the
environmental impacts that it generates — need to be recognized and
overcome. This chapter has argued that the business sector needs to green
bounded Al in order to strengthen sustainability efforts and address cur-
rent Al-related issues. If businesses, which are ideally placed to provide
leadership in this area, fail to take action, they will likely suffer various
types of damage (especially reputational, legal and financial damage) in
future. Fortunately, as this chapter has explained, the greening and
bounding of Al can be undertaken in a range of ways, at both the micro
level (through staff training, for example) and the macro level (for
instance, through the implementation of company-wide environmen-
tally friendly and delimited Al programs or tools).

The chapter’s argument has been illustrated through a case study of the
NearMap company and its aerial-imagery-focused operations. This case
demonstrates the ways in which a business can not only integrate Al into
its activities in a bounded or circumscribed way, but also green it using a
variety of different approaches to tackle the environmental impacts of the
technology. Businesses, as the case shows, can exercise strong (human)
oversight of Al in the specified activities into which it has been inte-
grated. They can also embed bounding and greening into their policies in
order to hold themselves accountable to set standards. Additionally, they
can engage sustainability-focused third-party providers to help them
bound and, in particular, green Al Partnerships can also be developed
with non-government organizations, government institutions, and other
businesses to help advance sustainability initiatives and thus further indi-
rectly contribute to the greening and bounding of AL

This chapter opens a number of avenues for future research.
Investigations into other cases would provide a more detailed under-
standing of the ways in which businesses can green their bounded Al A
selection of cases from different parts of the world would also reveal dif-
ferences in businesses’ perceptions of, and approaches to, greening in cor-
porate contexts across borders. Additional methods could also be used to
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gain deeper insights into the ways in which the greening of bounded Al
can be undertaken. In particular, interviews or focus groups with key
business personnel and stakeholders would help to generate these insights.
This additional, future research will be valuable given the growing need
from businesses for innovative and effective approaches, especially ones
that make use of bounded Al, to enhancing sustainability.
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6.1 Introduction

Commitment to sustainability is an increasingly important factor in a
stakeholder’s decision to support a company. Sustainability reporting
standards, such as the Global Reporting Initiative (GRI) and the
Sustainability Accounting Standards Board (SASB), guide companies in
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assessing the materiality of their goods; this may be defined as the mate-
rial composition of an object. However, sustainability standards often
adopt a procedural approach, (i.e., a methodological and systematic way
of implementing standards) whereby companies have relatively high dis-
cretion in selecting the information to be reported. The many loose ends
in materiality assessment approaches of sustainability standards are prob-
lematic. In particular, companies are required to report only those prop-
erties that they determine to be material. As a result, the indeterminacy
of materiality assessments leads to indeterminant reporting, leading to
companies selectively reporting or withholding. In this chapter, we
address companies’ disclosure of sustainability information, especially as
it relates to the environment, e.g., carbon emissions, use of water, energy,
and pollution. We consider areas where companies disclose information
about issues relating to these features, “sustainability topics” or “environ-
mental topics,” and use these terms interchangeably. This chapter assesses
the materiality of various sustainability topics considered for inclusion in
sustainability reports and is structured as follows. We begin with an over-
view of existing reporting standards and types. The following section
introduces our methodology and situates our proposed contribution
within related literature before presenting our model, applying it to three
different examples, and discussing our results.

Important developments, particularly the new mandatory reporting
requirements and the extended and mandatory sustainability reporting
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standards launched in the European Union (EU) on 1 January 2023
demarcate a clear path towards more definite and standardized sustain-
ability reporting (Jergensen et al., 2022). Corresponding developments,
albeit in different forms, are occurring in the United States (US), Canada,
and Australia, where the boundaries of what companies need to address
with sustainability reporting are being tested. The importance countries
attribute to sustainability reporting is indicated by the number of new
regulations they implement, such as the EU’s Corporate Sustainability
Reporting Directive (CSRD), which substantially expands the scope and
content of the EU’s existing disclosure requirements. The new law is in
force for many EU corporations for fiscal years starting on or after 1
January 2023. It refers to the European Financial Reporting Advisory
Group’s (EFRAG) proposed European Sustainability Reporting Standards
(ESRS). The European Commission aims for a paradigm shift in sustain-
ability reporting to increase information transparency and corporate
accountability (Jergensen et al., 2022). At the same time, the US
Securities and Exchange Commission (SEC) is considering rule amend-
ments to enhance disclosures regarding issuers’ climate-related risks and
opportunities.

US and EU corporations cannot appropriately compare their sustain-
ability performance to their transatlantic peers. This is an issue faced by
companies in the United Kingdom (UK), Canada, Australia, and the rest
of the world, as globally listed companies can still choose whether they
report with the GRI double- or impact materiality principle or with a
financial materiality viewpoint of SASB. These types of standards are a
matter of choice because nones of them is mandatory. Comparing sus-
tainable performance between companies is not a small issue because
investors pour enormous capital into sustainable investment. In 2018,
one in every $4 ($12 trillion USD) of investment in the US was labelled
sustainable and one in every two euros (€22 trillion) in Europe carried
the same label, and the numbers are growing steadily (Christensen &
Clawson, 2018; USSIF, 2018).

Two types of materiality approaches guide what sustainability topics
companies should disclose. Companies in the US, Canada, Australia, and
the UK have the option to report sustainability topics that are financially
material to the corporation and its owners (financial materiality). The
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new EU legislation now mandates EU companies to disclose their impacts
on society and the environment regardless of financial implications
(impact materiality) and a financial materiality requirement. Does mate-
riality assessment guarantee that the right concerns are reported? A study
by Christensen et al. (2021) shows no evidence that the financial materi-
ality of individual sustainability topics is determinable. We are unaware
of any study describing a method to determine impact materiality. We
introduce a machine learning method that determines materiality based
on the likelihood of news media critique. We suggest that instances of
news media critique are used as labels of non-compliance with environ-
mental norms.

This chapter discusses a decision-support tool, such as a simple model
of a machine learning (ML) method, to assess the impact materiality of
topics in sustainability reports that provide information in accordance
with the new EU legislation and the GRI standards. Although the mate-
riality assessment can be applied to topics across environmental, social,
and governance (ESG) dimensions, we control the task by using the ML
method to assess the materiality of topics in the environmental dimen-
sion of sustainability. The findings will be of interest to EU companies
and other large companies that report according to GRI. In 2020, 73%
of the world’s 250 largest companies reported sustainability performance
in accordance with GRI, according to a KPMG survey.! The findings
contribute to research devoted to quantitative methods for assessing
materiality in sustainability reports by applying an ML method to expose
the subjectivity issues in materiality assessment.

Scholars suggest using qualitative methods subject to bias and subjec-
tivity and leaving the objectivity issues unsolved. No scientifically verifi-
able method provides objective results to companies making assessments
of impact materiality. The materiality assessment approach that forms the
basis for selecting sustainability topics in sustainability reports is incom-
plete because these reports do not describe the materiality assessment
process (Canning et al., 2019). This makes it challenging to apply quali-

tative methods.

"hteps://assets. kpmg/content/dam/kpmg/be/pdf/2020/12/The_Time_Has_Come_KPMG_
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Further, the GRI standards and the new EU sustainability reporting
standards require that materiality be assessed from the perspective of the
broadest possible stakeholder groups, which is society as a whole.
Divergent stakeholder opinions should be mediated through the materi-
ality assessment. However, it is unlikely that reporting companies can do
this because stakeholder opinions are largely unknown to the companies
(Bellantuono et al., 2016). Although there are descriptions of methods to
collect opinions from many stakeholders, we are unaware of any method
that satisfies the standards’ requirements for representing society’s opin-
ions on many sustainability topics.

Despite many practical obstacles, a materiality assessment is a prereq-
uisite for sustainability reporting, and this chapter shows the potential
usefulness of machine learning methods. We focus on the impact of
materiality requirements in the GRI standards and the EU Corporate
Sustainability Reporting Directive (CSRD). Predictive algorithms can help
report companies to identify the most material sustainability topics com-
panies focus on.

6.2 Literature Review

Materiality assessments are intended to be the foundation of sustainabil-
ity reports because they determine what sustainability topics, such as pol-
lution or waste, the company should disclose concerning its production
(Eilifsen & Messier, 2015). Traditional materiality assessment method-
ologies that evolved in the context of financial reporting might be inap-
propriate for sustainability reporting because they provide no guidance
about how to compare the financial or environmental impact implica-
tions of, for instance, a company’s CO, emissions to the financial or envi-
ronmental impact implications of a company’s total waste (Knechel,
2021). Researchers have argued that materiality assessment in sustain-
ability reporting is a translation of the principle of materiality in financial
reporting (Eilifsen & Messier, 2015; Messier et al., 2005; Moroney &
Trotman, 2016). In financial reporting, materiality involves “determin-
ing the importance of the disclosure of an item of information (or its
omission) to users” (Canning et al., 2019, p. 2). It is the threshold at
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which potential disclosures matter for an external user’s decision. In con-
trast, the (impact) materiality assessment in sustainability reporting
assesses whether the relative significance and type of impacts make sus-
tainability topics important enough to stakeholders to be reported.
Comparing sustainability topics is complicated and multidimensional
because it requires comparing the size and nature of very different effects
of a company’s activities on stakeholders (Svanberg et al., 2022).

The differences between traditional materiality in financial reporting
and materiality assessment in sustainability reporting illustrate how com-
plex the latter is. First, the impact materiality approach requires that
companies critically assess stakeholders who are individuals or groups
with interests that are or could be, affected by a company’s activities. This
may include, for example, business partners, civil society organizations,
consumers and customers, suppliers, and local communities. GRI and
CSRD require broad stakeholder groups to be identified and used as ref-
erences to prioritize the importance of sustainability topics. Although
impact materiality may often have financial implications for the compa-
nies that cause the harm or benefits to the environment, there is no guar-
antee that there are financial implications. This is the main reason why
the EU has put new reporting requirements in place. Financial reporting
and the financial materiality approach to sustainability reporting require
that investors’ information interests are prioritized. This means reporting
according to financial materiality should contain information relevant to
investors. In some cases, the two materiality principles lead to quite con-
flicting reporting: SASB defines financial material information as could
reasonably be expected to influence investment or lending decisions that
users make on the basis of their assessments of short-, medium-, and
long-term financial performance and enterprise value if misstated or
omitted. According to an analysis by Jorgensen et al. (2022), in practice,
this means that the environmental footprints of H&M and NIKE do not
have to be disclosed according to the financial materiality standards,
while they are likely to be disclosed according to the impact materiality
standards and be important for many stakeholders.

Assessing impact materiality is challenging for several reasons. First,
broader stakeholder groups are difficult to identify (Puroila & Maikeld,
2019), and their conflicting needs are difficult to define (Moroney &
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Trotman, 2016). For example, if a reporting company views women as a
key stakeholder group, it would contain many sub-groups with poten-
tially conflicting views on environmental concerns. There may be moth-
ers with a strong interest in the welfare of their children and a strong
emphasis on reducing certain pollutions and waste, as well as environ-
mentalists who consider CO, the most troubling concern of today. How
should a reporting company determine the information preferences of
such a varied stakeholder group? Second, a precise materiality threshold,
such as a benchmark percentage, can be used in financial reporting.
However, in sustainability reporting, there is no such benchmark for
materiality. How should a company present the trade-off between a 5%
increase in carbon emissions and a 10% decrease in waste? Standards
require a company to do just that.

Sustainability reporting standards state that the reporting company
should decide where to set the materiality threshold (for each sustainabil-
ity topic individually) by assessing the significance and likelihood that
impacts are relevant to stakeholders. The companies’ difficulties in assess-
ing the trade-off between environmental concerns are reflected in differ-
ences between auditors’ perceptions of what they believe to be relevant
sustainability information—auditors do not know either (Libby &
Brown, 2013). Third, materiality assessment in financial reporting is a
quantitative exercise. The materiality assessment in sustainability report-
ing demands both quantitative and qualitative predictions (Canning
et al.,, 2019; Moroney & Trotman, 2016). Companies must compare
apples and oranges using a metric they cannot access. These differences
between traditional financial reporting and sustainability reporting indi-
cate that assessing the materiality of topics in the sustainability report
takes place with significant uncertainty for the reporting companies.
There is no way of knowing whether a ton of carbon emissions is as essen-
tial as a ton of waste. Which one is more important to the stakeholders?

Concerning the inherent uncertainties in the materiality assessment
observed by Moroney and Trotman (2016) and by Canning et al. (2019),
scholars have questioned the credibility of sustainability reports (Guix
et al., 2019; Machado et al., 2021). The effect of poor materiality assess-
ment approaches can mean that companies are selective in their sustain-
ability reporting in a way that accentuates strengths and withholds
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weaknesses in order to mislead stakeholders (Adams, 2004). In practice,
the involvement of stakeholders in sustainability reporting as the approach
of determining which topics are the most material is an unreasonable
requirement for many companies. This explains why the materiality
assessment becomes a discretionary reporting practice rather than the
means of reporting what matters (Puroila & Mikeld, 2019).

Because many companies report sustainability topics discretionarily,
sustainability report users struggle to question the topic selections of the
reporting company. The users of reports, such as investors and the general
public, lack an intersubjectively binding reference point for materiality
assessment to which they could refer. The solution to this problem must
be reducing the amount of subjective discretion that companies can exer-
cise when assessing materiality. Studies have proposed subjectivity reduc-
tion methods. Bellantuono et al. (2016) describe a mathematical method
to aggregate the opinions of various stakeholders on several sustainability
topics to represent the combined views of many stakeholder groups. A
theoretical problem of this method is that it is impossible to determine
the relative importance of a spectrum of sustainability topics without ask-
ing each stakeholder to take a position on all topics. This is unrealistic as
it assumes that stakeholders know the many environmental damages
companies can expose to their surroundings (Puroila & Mikeld, 2019).
Furthermore, there are no practical tools that assist in identifying relevant
stakeholders (Boesso & Kumar, 2009; Torelli et al., 2019). The lack of
completeness of sustainability reports in covering all the material aspects
from a stakeholder perspective illustrates this (Adams, 2004; De Villiers
& van Staden, 2011; O’Dwyer et al., 2005). Findings that companies
conduct their materiality assessment in different ways accentuate this lack
of completeness because sustainability reporting standards enable compa-
nies to determine material topics based on the context in which the com-
pany operates (Farooq & de Villiers, 2019; Farooq et al., 2021; Jones
et al., 2016). Reporting companies can decide which stakeholders to
engage and the importance assigned to different stakeholders. As such,
materiality is a discretionary issue (Adams & Frost, 2006; Kaur &
Lodhia, 2018).

Relevant literature also proposes procedural suggestions for a method
for materiality assessment. Using Hsu et al.’s (2013) approach, Calabrese
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etal. (2016) propose a formalized procedure using multicriteria decision-
making and fuzzy logic to provide reporting companies with some con-
ceptual support on materiality assessment. However, the issue of arranging
the topics from most to least material topics remains.

Based on the literature review, we find no method in existing scholar-
ship that offers a materiality ranking of sustainability topics which can be
verified in terms of validity and accuracy. This chapter develops a materi-
ality assessment methodology consistent with sustainability reporting
standards. In particular, the chapter focuses on the impact materiality
approach of GRI standards. Prior research argues that financial material-
ity may not be possible to measure because there is limited empirical
evidence of the relationships between items claimed to be financially
material and companies’ financial performance (Christensen et al., 2021).

The main concern of impact materiality assessments is that the effect
of a company on society, such as environmental harms from waste, emis-
sions, or harm to the workforce from disrespect of labor law, is the foun-
dational point for what counts as material. Impact materiality targets the
effects on society and the environment regardless of whether there are any
financial repercussions for the company in question. The coming EU
standards for sustainability reporting state that materiality assessment
should consider all stakeholders in their capacity either as information
users or as affected by a company’s activities, which effectively includes
the entire society (EFRAG, 2022). As previously mentioned, impact
materiality refers to the significance of an effect that a company has or
could have on stakeholders, the environment, and society at large. For
example, the environmental activities of companies generally affect dif-
ferent stakeholders and interest groups. Environmental problems such as
climate change, pollution, and biodiversity erosion have significant and
long-lasting consequences for both people and ecosystems. Impact mate-
riality should therefore mirror the opinions of broad groups of people.
Accordingly, we propose to measure a societal-level perception of the
materiality of a wide spectrum of environmental topics using a method
that estimates the likelihood that a company would be criticized for non-
compliance with environmental norms. The logic is that the more an
environmental topic is criticized for non-compliance with environmental
norms, the more severe and morally intense the topic is considered to be
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(Jones, 1991). We use the public scrutiny of companies as a proxy for
society’s assessments of companies’ non-compliance with environmental
norms. News media critique is often a factor in ESG ratings (a measure
of sustainability often used in the finance industry) and corporate wrong-
doing indices (Faulkner, 2011; Fiaschi et al., 2020). We suggest that
instances of news media critique, which we refer to as controversies, are
used as labels of non-compliance with environmental norms from which
machine learning models can extract the environmental topics character-
istic of the non-compliant companies. Some studies use news media cri-
tiques (i.e., “bad news”) to determine an unexpected risk incident (i.e.,
controversies) (Nieri & Giuliani, 2018) when a company does not com-
ply with social norms; for example, the United Nations’ (UN) Global
Compact principles represent the major source of a legitimacy gap (Hassel
& Semenova, 2018). The methodology and results section below explains
how we use compliance labels in machine learning experiments to develop
a model to assess companies’ environmental topics. We then describe
how the materiality of environmental topics can be estimated from the
model and discuss interpretations of the model output.

This following section discusses a decision-support tool, such as a sim-
ple model of a machine learning (ML) method, to assess the impact
materiality of topics in sustainability reports that provide information in
accordance with the new EU legislation and the GRI standards. Although
the materiality assessment can be applied to topics across environmental,
social, and governance (ESG) dimensions, we control the task by using
the ML method to assess the materiality of topics in the environmental
dimension of sustainability. The findings will be of interest to EU com-
panies and other large companies that report according to GRI. In 2020,
73% of the world’s 250 largest companies reported sustainability perfor-
mance in accordance with GRI, according to a KPMG (2020) survey.
The findings contribute to research devoted to quantitative methods for
assessing materiality in sustainability reports by applying an ML method
to expose the subjectivity issues in materiality assessment.

The usefulness of an automated assessment tool should be judged on
how well it performs on the assessment compared to alternative methods.
Alternative methods offer mainly procedural support or conceptual focus,

such as Calabrese et al. (2013, 2016) or Wu et al. (2018). The latter
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simply propose that two static, pre-defined materiality assessments are
Sustainability Accounting Standards Board Materiality Map and Global
Reporting Initiative (GRI) Sustainability Topics for Sectors or GRI’s
Sustainability Disclosure Database and that modelling from a life-cycle
perspective could be ways to assess materiality. The only realistic alterna-
tive appears to be how the assessments are conducted manually.
Descriptions are scarce, and companies do not report extensively about
their method of materiality assessments (Farooq et al., 2021; Machado
etal., 2021). Unfortunately, we find no evidence of the validity and accu-
racy of any presently practiced assessment method. Some evidence even
indicates that companies disclose less and less when they adopt the more
standardized guidance that some standards have implemented (Borgert
etal., 2018). Our literature review shows that accounting for materiality
is considered a serious problem, for which offered solutions are proce-
dural recipes that yield little evidence of results.

6.3 Methodology and Results
6.3.1 Methodology

Traditionally, materiality assessments are done manually, which involves
collecting and analyzing data from sources such as stakeholder feedback,
industry reports, and internal documents. Our machine learning method,
provides advantages over manual procedures for several reasons. First, it
gives consistent assessments by applying the same set of rules and criteria
to all data inputs, reducing the risk of subjective biases. Our method uses
verifiable data, while a manual assessment may be based on information
the people involved are unaware of, such as the preferences of broad
stakeholder groups. Second, machine learning models can handle large
datasets much more efficiently than manual assessments. This scalability
can help identify previously unnoticed trends or patterns in relation to a
company’s disclosed environmental topics. Third, machine learning
models can analyze data much faster than manual processing, enabling
stakeholders to identify sustainability risks and opportunities in a timely
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manner. Fourth, machine learning models can provide more accurate
assessments using advanced algorithms that can detect patterns and cor-
relations in large datasets that are not visible with manual procedures.
Fifth, our machine learning model can provide more transparency in the
materiality assessment through the simplicity of the underlying logic.
Topics are assessed as material if they substantially contribute to a corpo-
ration’s prediction as non-compliant with environmental norms.

Based on our machine learning experiments, we explore the possibility
of predicting non-compliance characteristics with environmental norms.
If this can be done from the environmental information provided by
sustainability reports, then variable importance measures such as Shapley
Additive exPlanations (SHAP) can be used for determining the signifi-
cance (materiality) of each environmental item for the prediction
(Lundberg & Lee, 2017). Companies discretionarily disclose, i.e., they
decide what to disclose, the environmental information in their sustain-
ability reports, and our goal is to estimate how each item contributes to
society’s condemnation of companies’ environmental failure to comply.

An important concern is what the prediction model’s output means in
relation to materiality assessment in sustainability reporting. Items that
contribute the most to the likelihood that a company is compliant or
non-compliant with environmental norms are rated by the model as the
most material. In contrast, other items follow in descending order of
materiality. In other words, the model output estimates environmental
topics in terms of the likelihood that a company could be criticized for
non-compliance with environmental norms. We view the likelihood of
media criticism of companies’ environmental activities as a measure of
the significance of environmental topics for broad stakeholder groups.
This means that if there is much media criticism targeting a company and
its environmental impacts, we consider the amount of criticism as an
indication that broad stakeholder groups consider the disclosed environ-
mentally relevant behaviors of the company as significant/material.

The topic estimate is the outcome of the machine learning model’s
assessment of patterns of environmental items, such as pollution and
energy consumption, and the likelihood of non-compliance with envi-
ronmental norms. This estimation is non-subjective. The model arrives at
the variable importance estimates for each environmental disclosure item.
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For simplicity, we demonstrate our materiality assessment method by a
random forest algorithm. Random forest is a tree-based algorithm for
which the SHAP variable importance measures can be used to calculate
the materiality of environmental indicators (topics) (Lundberg & Lee,
2017). The predictive ability of the model is evaluated according to five
conventional performance measures (cf. Alpaydin, 2010): precision,
recall, F-measure, area under receiver operating characteristic (ROC)
curve, and Precision recall curve (PRC).

We acquired all data from Refinitiv Eikon, one of the most commonly
used databases for sustainability research. For the prediction model not to
exclude potentially material items ex-ante, we use as many as 112 envi-
ronmental performance indicators as model input (Svanberg et al., 2022).
In addition to those, and to aid in our assessment of how the model pre-
dicts environmental controversies, we included total assets, net assets,
return on assets, market value, industry classification (i.e., Global Industry
Classification Standard (GICS) sector), and country of headquarters. The
dataset contains 2517 companies, of which approximately 13% have
been involved in at least one environmental controversy. Table 6.1 pro-
vides an overview of the companies in the sample. Media reporting typi-
cally includes a range of political and social views which is one of the
reasons why using such data is a good reference point for representing
broad stakeholder groups’ views on for example environmental issues.

We first examine the ability of random forest to predict environmental
controversies according to the five conventional performance measures.
The algorithm’s output after training predicts the likelihood that a com-
pany complies with environmental norms. A post hoc interpretation
method, SHAP, then interprets the predictions (Lundberg & Lee, 2017),
which, for example, provides diagrams showing how much each environ-
mental issue contributes to the model’s assessment of environmental per-
formance of a particular company. Notably, prediction in this study does
not mean that the model is forward-looking because its purpose is to
characterize companies as more or less environmentally compliant based
on typical patterns in their environmental disclosures. The model shows
each company’s characterization or assessment, rather than predicting a
future state based on past performance.
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We divide companies into two categories—positive cases and negative
cases—one consisting of companies that have had at least one contro-
versy (positive cases) and the other that have not been involved in a con-
troversy (negative cases). The longitudinal aspect of data is captured by an
average of numerical (e.g., CO, emission) or encoding using dummy
variables if binary (e.g., one per year). We compute SHAP values, and the
SHAP diagrams used are illustrations through which the materiality dis-
tribution is easily comprehended.

To evaluate the random forest algorithm, we first calculate precision
and recall. Precision is the fraction of true positives in relation to the total
number of positive case predictions. At the same time, recall is the frac-
tion of true positive predictions in relation to the true positive and false
negative cases in the data. Precision can be said to represent the number
of times a darts player’s arrow hits the target about the number of
attempts, and recall represents the ability of the predictor to identify as
large as possible fraction of all the controversy companies in a data set. In
addition, we use the F-measure, which is the trade-off between precision
and recall.

Furthermore, the measure, here meaning number or metric, Area
under the ROC curve estimates the probability of a classifier ranking a
true positive instance ahead of a false positive instance and is thus a mea-
sure of its so-called ranking performance. Similarly, the PRC estimates
the mean precision for multiple thresholds of recall. The main benefit of
the Area under the ROC curve and PRC is that they are insensitive to the
class distribution of the training and testing data, as opposed to the static
accuracy measures.

6.3.2 Results

Table 6.2 summarizes our findings regarding the machine learning mod-
el’s ability to predict environmental non-compliance. The ability of the

Table 6.2 Measures of random forest predictive performance

Precision Recall F-measure ROC PRC
Random forest 0,6994 0,1942 0,2990 0,8849 0,5090
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random forest model to predict non-compliance is not our main focus,
and these results have been explained elsewhere (Svanberg et al., 2022).
We therefore only briefly summarize these facts here. Our materiality
assessment method requires predictive validity of its underlying model,
i.e., a model that can predict our operationalization of environmental
topics for individual companies. As shown, the random forest does well
on the task of predicting environmental controversies with a high preci-
sion of 0.70 but a more moderate recall of 0.19. Broadly speaking, this
means that the model’s current settings make it good at correctly identify-
ing a sample of non-compliant companies.

Figures 6.1a, b enable evaluation of the ranking and predictive perfor-
mance of the model, and interpretations are briefly explained under each
figure. The graphs reveal that the results in Table 6.2 and Fig. 6.1 are
consistent, i.e., random forest learns the item patterns typical of contro-
versy companies and performs well as a controversy company predictor.
The performance according to the Area under the ROC in Fig. 6.1a is
suitable for both non-controversies (blue curve) and controversies (yellow
curve). Figure 6.1c presents negative correlations between likelihood esti-
mations and the number of controversies. The x-axis is the number of
controversies per company, and the y-axis is the estimated likelihood
based on environmental information items. The slope in the graph is
downwards, as expected because the more controversies a company has
had, the higher the estimated likelihood of controversy.

Correlation between CEP ratings and
number of years with controversies
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Fig. 6.1 Evaluation of predictive performance
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Figure 6.1 presents three pieces of information to be evaluated:

(a) Areaunder the ROC curve, where the blue line represents the results
for predicting non-controversy and the yellow line represents the
results for predicting controversy. Note that classifiers that produce
ROC curves that lie above the dashed line provide better predictions
than random guessing.

(b) Precision recall curve (PRC), where the blue lines represent the
results for predicting non-controversy and the yellow line represents
the results for predicting controversy. The PRC shows the precision
of a classifier as the recall increases. The top region (defined by the
grey line) shows the region where a classifier performs better than
random guessing for the non-controversy cases, and the region
between the bottom and top regions shows where a classifier per-
forms better for the controversial cases.

(c) Correlation between the random forest corporate environmental
performance (CEP) ratings and the number of years a company has
been controversial. The figure clearly shows that our CEP ratings
penalize firms with more controversies and assign lower scores, i.e.,
the lower the CEP rating, the more controversies.

Once the predictability of non-compliance is established, variable
importance measures can represent the materiality of environmental top-
ics for each company. Predictive modelling offers this advantage com-
pared to explanatory modelling in that it targets not general relationships
in a population but the particular properties of each case. For materiality
assessments, the prediction model offers rich information on what topics
matter the most for assessing a corporation as non-compliant with envi-
ronmental norms. In the examples of materiality assessments below, we
look at materiality with SHAP. Our estimates of materiality in terms of
the SHAP values are numerical between 0 and 1. Notably, any aggrega-
tion level within an industry classification, such as GICS, can generate
SHAP. The SHAP is most accurate for the individual company. Still, if
the reporting company would like to compare its materiality assessment
with a group of companies, our method allows the computation of mate-
riality for any group of companies.
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Regarding the interpretation of individual materiality assessments, the
so-called SHAP Force Plots offer an overview of environmental feature
materiality. Such plots show materiality expressed as the contribution in
terms of the conditional probability of each environmental topic indica-
tor to the model’s assessment of compliance with environmental norms.
We illustrate this materiality assessment by providing three examples
from two GICS sectors. These illustrations are not meant to provide evi-
dence of this method’s validity or reliability but to show what kind of
information can be derived in seconds by looking at companies’ potential
material topics through the machine learning lens. Therefore, we do not
describe these companies in detail. The first company that the model
assesses here is Extendicare Inc., a publicly traded Canadian company in
the healthcare sector that provides long-term care and senior care ser-
vices. [t was founded in 1968 and is headquartered in Markham, Ontario.
The company has a network of over 120 senior care and retirement living
centers in Canada, home healthcare services and other health-related
businesses. Extendicare operates in two main sectors: long-term care and
retirement living. The company describes itself as strongly committed to
innovation and improving care delivery through technology and evidence-
based practices. One of the big rating firms, Morgan Stanley, recognized
Extendicare Inc. for its commitment to ESG issues through an “A” rating
in 2021, which indicates that Morgan Stanley claims that Extendicare is
asustainable company in accordance with MCI ESG Ratings. Extendicare
was included in the FTSE4Good Index, another rating organization
claiming that Extendicare is more sustainable than most other companies.

Figure 6.2 offers an immediate overview of environmental topics’
importance in Extendicare’s performance; the blue arrows dominate, sug-
gesting that Extendicare is a low-impact/low-risk company in the envi-
ronmental impact dimension. The base value, where an average
corporation’s environmental risk/impact metric would be, is far to the
right, meaning that Extendicare is doing much better than the average.
This is because it has not reported any environmental fines in past years,
it appears to be uninvolved in activities that have a negative environmen-
tal impact on land (signaled by not having a policy for reducing such
impact), and its CO, emissions are on the low side. These three material
aspects push the company towards the positive, but there are also
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Fig. 6.2 SHapley Additive exPlanations force plot showing the materiality of
environmental topics for Extendicare Incorporated

noteworthy omissions. The lack of waste reduction initiative despite dis-
posing of a considerable amount of waste and the lack of an energy policy
are two aspects that, according to the model, have a material significance
for how Extendicare is perceived as compliant or non-compliant with
environmental norms. In addition, the model also notes that Extendicare
is a large corporation based in Canada. These circumstances constitute a
risk of being scrutinized regarding environmental performance, most
likely because of high environmental standards in Canada. Therefore,
these considerations may be regarded as irrelevant for a materiality assess-
ment and can be ignored. The model does not distinguish between the
meanings of items other than their impacts on the assessment of the risk
of being criticized for non-compliance with environmental norms, so the
model’s output must be manually interpreted.

Figure 6.3 exemplifies how the model conducts its materiality assess-
ment of Delta Electronics Inc., an information technology sector com-
pany based in Taiwan. The company takes pride in environmental
responsibility and has been in the Dow Jones Sustainability Indices for
several years, suggesting we should expect the blue arrows to dominate
again. With the forces pushing the rating to be high, the blue arrows
dominate the red. This blue dominance indicates that there are very few
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Fig. 6.3 The random forest model’s materiality assessment of Delta Electronics
Incorporated

doubts from our compliance-based model that Delta Electronics is a
company highly likely to comprehensively comply with environmental
responsibilities. The figure demonstrates that most material items are
blue, i.e., environmental performance strengths or risk-reducers, rather
than showing red flags. The model discounts the reduction as an indica-
tion that the company is not involved in environmentally risky activities.
Low CO, emission confirms the image of a company exposed to low risks
of being non-compliant with environmental responsibilities.

Per Fig. 6.4, our following example is Allergan Plc., a multinational
pharmaceutical company in the healthcare sector that develops, manu-
factures, and markets branded and generic prescription drugs, medical
aesthetics and over-the-counter products. The company was founded in
1983 and is headquartered in Dublin, Ireland. Allergan has a presence in
more than 100 countries and employs over 17,000 people worldwide.
Allergan operates in three main segments: branded pharma, medical aes-
thetics, and over-the-counter products. Some of Allergan’s well-known
brands include Botox, Juvederm, and Restasis. Botox is a cosmetic prod-
uct used for reducing the appearance of wrinkles and facial lines, while
Juvederm is a dermal filler used for smoothing out wrinkles and restoring
facial volume.
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Fig. 6.4 The random forest model’s materiality assessment of Allergan Public
Limited Company

Contrary to our two first examples, the materiality assessment appears
dominated by red, signaling high-impact or high-risk topics. We may
immediately conclude that Allergan is doing worse than the average cor-
poration, and we see the most material reasons why the model has a nega-
tive estimate of Allergan’s environmental compliance. The material topics
according to our model’s estimation are related to its history of being
fined for breaches and its lack of energy efficiency, resource, and waste
reduction policies. There is also a material concern about how the use of
its products impacts the environment. Thus, these observations are made
by the model, and are not based on external research sources.

It is clear from these examples that the materiality assessment model
identifies environmental indicators, not full-fledged topics. Because the
model provides indications and hints about where a company may be
environmentally problematic, using the model presupposes that the iden-
tified indicators are interpreted. The red flag for waste reduction initia-
tives relating to Allergan must be understood with some background
knowledge of what Allergan does. For some companies, an initiative to
reduce waste may be good, but in this case, the model suggests that it is a
sign of underlying environmental problems. Disaggregated indicators
may mean different things in different contexts. Comparing companies
in different sectors is obviously a quite different exercise than comparing



126 J. Svanberg et al.

companies in the same sector. A user of an automatic model must under-
stand the extent to which the model is able to provide relevant informa-
tion for comparison between sectors when the environmental impacts
per definition are very different.

6.4 Conclusions and Limitations

This chapter addresses the difficulties with sustainability reporting’s mate-
riality assessment. The difficulties are expected to be significant when
assessing impact materiality according to the GRI and the coming EU
standards because such assessments presuppose that the reporting com-
pany can determine which aspects of a company’s activities have the most
material effects on the environment from the perspective of the broadest
possible stakeholder groups. The reviewed literature univocally describes
materiality assessment as subjective, uncertain, and imprecise without
providing a clear reference point, such as the rule-of-thumb percentage
used in financial reporting as a materiality threshold (Moroney &
Trotman, 2016).

The usefulness of an automated assessment tool should be judged on
how well it performs on the assessment compared to alternative methods.
Alternative methods offer mainly procedural support or conceptual focus,
such as Calabrese et al. (2013, 2016) or Wu et al. (2018). The latter sim-
ply propose that two static, pre-defined materiality assessments are
Sustainability Accounting Standards Board Materiality Map and Global
Reporting Initiative (GRI) Sustainability Topics for Sectors or GRI’s
Sustainability Disclosure Database and that modelling from a life-cycle
perspective could be ways to assess materiality. The only realistic alterna-
tive appears to be how the assessments are conducted manually.
Descriptions are scarce, and companies do not report extensively about
their method of materiality assessments (Farooq et al., 2021; Machado
etal., 2021). Unfortunately, we find no evidence of the validity and accu-
racy of any presently practiced assessment method. Some evidence even
indicates that companies disclose less and less when they adopt the more
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standardized guidance that some standards have implemented (Borgert
etal., 2018). Our literature review shows that accounting for materiality
is considered a serious problem, for which offered solutions are proce-
dural recipes that yield little evidence of results.

Our suggested approach is not without limitations. First, we do not
adjust the model for the unequal news media attention paid to compa-
nies, which likely leads to different companies having different likeli-
hoods of being the subject of critique, not corresponding to differences in
their non-compliance with environmental norms. Media reporting might
also differ between countries. What is perceived as alarming in one part
of the world may be more or less ignored in another. Furthermore, we do
not intend to develop an operational assessment method and explore
aspects of the construction of a method, which means that we include
several indicators that should not be adopted in an actual decision-
support tool. Another limitation is that we have not fine-tuned the
parameters in the machine learning algorithm, which would enable
higher predictive performance. The controversies database might also be
replaced by a database that offers a higher coverage of companies and
geographical settings. Future development of the methodology could also
attempt to make the predictions unbiased regarding firm size and profit-
ability, two biases that seriously have troubled the use of ESG metrics
(Drempetic et al., 2020). Ultimately, however, uncritical reliance on any
decision-support tool is not viable. A machine learning method may pro-
vide suggestions as input to materiality assessment but cannot replace a
thorough manual process. Reliance on a decision-support tool should be
viewed as a way of making informed decisions based on a rapid screening
of large amounts of information that would be difficult to obtain manu-
ally. The proposed decision-support tool may enable analysts to detect
greenwashing because the model can report the environmental circum-
stances present in a particular company that typically results in serious
criticism and therefore should be a warning signal to investors that care
about sustainable business.
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Artificial Intelligence and the Food
Value Chain

Stefan Wendt and Throstur Olaf Sigurjonsson

7.1 Introduction

The production, processing, and distribution of food face and, in turn,
create various environmental and social challenges. For example, the use
of fertilizers in the cultivation of plants and the use of antibiotics and
other drugs in livestock raising are seen as problematic due to, for exam-
ple, toxic chemicals in various fertilizers and the development of antibi-
otic-resistant bacteria as a result of widespread use of antibiotics.
Increasingly large areas of arable land face the risk of becoming non-
arable due to climate change. Livestock farming and the worldwide trans-
portation of food substantially contribute to emissions, and the conditions
of livestock farming are often considered to be in violation of animal

S. Wendt (x2)
Department of Business, Bifrést University, Borgarnes, Iceland
e-mail: stefanwendt@bifrost.is

T. O. Sigurjonsson
University of Iceland, Reykjavik, Iceland
e-mail: olaf@hi.is

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2024 133
T. Walker et al. (eds.), Artificial Intelligence for Sustainability,
https://doi.org/10.1007/978-3-031-49979-1_7


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-49979-1_7&domain=pdf
https://doi.org/10.1007/978-3-031-49979-1_7
mailto:stefanwendt@bifrost.is
mailto:olaf@hi.is

134 S. Wendt and T. O. Sigurjonsson

rights. Food needs are increasing globally, and food shortage is a problem
in some parts of the world, while food waste is prominent in others.

This chapter aims to examine how the application of artificial intelli-
gence (AI) can make the food value chain more sustainable. Specifically,
we aim to answer how Al can help make food production, aggregation,
processing, and distribution more environmentally friendly and socially
responsible. Amongst other things, we address how Al can help optimize
the use of resources and reduce the use of fertilizers and drugs, as well as
how AI can help mitigate climate risks, e.g., in agriculture.

Analyzing the food value chain, this means all value-adding activities
when making food products (FAO, 2014), is particularly important
because of its relevance in food security and food safety (Sturludottir
et al., 2021) and to the sustainability challenges it exacerbates regarding
the use of water, fertilizers, animal welfare, food waste, and so forth
(FAO, 2014). Nearly one-third of global greenhouse gas emissions result
from food systems. In this sense, the “Farm to Fork Strategy” of the
European Commission, as part of the European Green Deal, aims to
make food systems fair, healthy, and environmentally friendly (European
Commission, 2020). A sustainable food value chain would contribute to
many of the United Nations Sustainable Development Goals, most nota-
bly to Goal 2 “Zero Hunger”, Goal 12 “Responsible Consumption and
Production”, and Goals 14 and 15 “Life below Water” and “Life on
Land” (United Nations, n.d.). Karanth et al. (2023) argue that the
impacts of climate change are most visible in the food ecosphere, impact-
ing the yield, quality, and safety of food.

The chapter explains the implications for food producers, processing
companies, and distributors. Despite the increasing digitalization and
application of Al in the food industry (Kler et al., 2022; Mavani et al.,
2022), to the best of our knowledge, the combination of Al, the food
industry, and sustainability has only rarely been addressed in the litera-
ture (see Di Vaio et al., 2020). In particular, the role of Al in sustainabil-
ity and the role of business models and multi-stakeholder approaches
have been neglected (D’Amore et al., 2022). However, cooperation, col-
laboration, and knowledge sharing between stakeholders are essential for
ATs safe and sustainable use (Hassoun et al., 2022; Ryan, 2022). Our
research is also relevant to policymakers with respect to establishing
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corresponding regulatory and supportive frameworks for these topics
(D’Amore et al., 2022).

In the next section, we present background information on the sus-
tainability of value chains, the food value chain, and Al Subsequently, we
explore the sustainability benefits of applying Al in the food value chain.
We then discuss the main results and conclude in the last section of this
chapter.

7.2 Background
7.2.1 The Sustainability of Value Chains

Not only do individual companies™ activities and processes need to be
sustainable, but cross-sector, upstream and downstream sustainability are
equally important, if not more so. This means that the sustainability of a
company’s suppliers and sourcing (upstream), as well as sustainable dis-
tribution channels and customer behavior (downstream), are essential to
making the entire value chain sustainable (Wagner, 2021). The topic of
sustainability across the supply chain has attracted increased attention in
recent years, even though considerations and assessments of the subject
primarily focus on individual companies and less so on the entire value
chain. Reasons for such a narrow focus are manifold and include, for
example, the lack of standardization and insufficient quality of informa-
tion related to sustainability (Jonsdottir et al., 2022), differences in legal
requirements and jurisdiction along the value chain, particularly in the
case of international value chains, or opaque value chains and governance
structures along the value chain.

However, there have been efforts to broaden the scope of studies and
to facilitate an assessment of value chains as a whole. For example, com-
panies within the value chain, environmental rating agencies and other
organizations use concepts such as Scope 1, 2, and 3 emissions to capture
the environmental sustainability of value chains. Scope 1 greenhouse gas
emissions result from sources owned and controlled by a company, Scope
2 emissions refer to the production of the energy purchased and
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consumed by the company, while Scope 3 covers emissions that occur
upstream or downstream of the value chain (WRI & WBCSD, 2004).
This means that Scope 3, and to some extent Scope 2, cover value chain
effects even though emissions are not the only relevant issues relating to
sustainability along the value chain. Sustainability assessments and rat-
ings have only just begun to integrate value chain effects.

7.2.2 Sustainable Food Value Chains

The core of the food value chain consists of food production, aggrega-
tion, processing, and distribution. Food production includes farming,
fishing, forest harvesting, and agroforestry. Aggregation includes the col-
lection of food from multiple sources, such as small local producers, to
generate a more consistent food supply. Food processing can come in
various forms, including one or more steps from the raw material and
original produce to the products sold in retailing or wholesale. Wholesale
and retail distribution cover various distribution channels. Financing and
supply of inputs and services, such as seeds, fertilizers or transportation,
support the core value chain (FAO, 2014).

The sustainability dimensions of the food value chain include environ-
mental and societal/social aspects jointly with the governance structure
(see the sustainable food value chain network of the Food and Agriculture
Organization of the United Nations (FAO, 2014)). The environmental
perspective relates to, for example, carbon footprint, plant and animal
health (such as husbandry conditions), water footprint, soil conservation,
biodiversity, food loss and waste, as well as toxicity. It is also important to
note that this does not only cover the impact of the value chain on the
natural environment, but also the impact of the natural environment on
the value chain and their interdependence. Societal elements and their
role in the sustainable food value chain framework relate to sociocultural,
organizational, institutional, and infrastructural elements and include,
for example, the distribution of added value, cultural traditions (such as
traditional food or culturally accepted food processing), nutrition and
health, workers’ rights and safety, and animal welfare. Governance struc-
ture relates to, for example, ownership structures and contractual
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arrangements between actors at the different stages of the chain, and
organizational structures such as cooperatives at the production level. A
number of these aspects also relate to economic and financial factors,
such as jobs and corresponding income, tax revenues, and profits (FAO,
2014). For a graphical representation of the sustainable food value chain
framework, see Fig. 7.1.

The sustainability of food value chains has also attracted the attention
of national and international policymakers. For example, the aims of the
European Commission’s “Farm to Fork Strategy” are to accelerate the
transition to food systems that have a neutral or positive environmental
impact, support climate change mitigation and adaptation, reverse the
loss of biodiversity, ensure food security, improve nutrition and health,
preserve the affordability of food, generate fair economic returns, foster
competitiveness, and promote fair trade (European Commission, 2020).
In the same vein, Marvin et al. (2022) emphasize the importance of
improving efficiency, quality, and resilience to disruptions, as well as
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Fig. 7.1 Sustainable food value chain framework. (Source: FAO (2014), adapted
by the authors)
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reducing the use of pesticides and fertilizers, food waste and food loss,
and environmental footprints.

7.2.3 Artificial Intelligence (Al)

Due to the extremely rapid development of Al, definitions of Al also
need to be adjusted and updated frequently to keep pace. The umbrella
term of artificial intelligence might be considered too broad when it
comes to the intricacies of its applications in companies and strategies.
Therefore, smaller and more homogenous subcategories of Al, such as
speech or object recognition, image classification, robotic perception,
language processing, knowledge engineering and machine learning, are
considered to better grasp the underlying ideas, concepts, and mecha-
nisms at play (e.g., Sigurjonsson & Wendt, 2023). As it stands, lists or
overviews of Al solutions cannot be exhaustive, but new or more advanced
and sophisticated solutions can be expected in the near future.

For the purpose of this chapter, we understand Al as the ability of
computers and robots to collect, store and transfer, process and analyze,
and visualize data (e.g., Zhou et al., 2022). Al enables computers and
robots to do tasks that were traditionally done by humans, mimicking
human intelligence or that humans are incapable of doing (Raghavendra
etal., 2022). Data gathering typically happens via sensors, scanners, cam-
eras, and various other such technologies. The processing and analyzing
of information occur via computer algorithms programmed by humans.
Automated decisions based on the outcome of the information process-
ing and analyzing shall also be considered part of Al solutions. Such deci-
sions can result in physical actions by robots, including humanoid robots,
or trigger adjustments in systems, such as heating or cooling, or changes
in production machinery. The analysis can also lead to the creation of
reports or trigger warning signals.

More recently, machine learning and deep learning have enhanced
Al Machine learning is based on the application of algorithms and statis-
tical techniques to train machines to recognize patterns and make predic-
tions. Machine learning goes beyond traditional programming for specific
tasks and focuses on broader applications (Hassoun et al., 2022). Deep
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learning via neural networks has proven effective in extracting patterns
from big data for, e.g., image and voice recognition, text summarization
and classification (Misra et al., 2022).

In the business context, the fast development of Al has led to increased
opportunities for applications that support business operations and effi-
ciency. Al has been successfully employed to improve efficiency and prof-
itability, most notably through the automation of tasks that humans
previously performed, by more accurately forecasting things such as sales,
or by diagnosing when maintenance is needed for machinery and manag-
ing inventory. Challenges regarding implementing Al arise from poten-
tially high costs, particularly for small companies in the value chain, as
well as from potential resistance if Al is considered a threat to existing
business models (Mahroof et al., 2022).

7.3 Sustainability Benefits from Artificial
Intelligence in the Food Value Chain

Potential and actual applications of Al in the food value chain exist both
along the different stages of the value chain and within the single stages
of the chain. Kler et al. (2022) categorize these into smart farming, smart
transportation, smart processing, and smart distribution and consump-
tion (see also Marvin et al., 2022). The benefits of applying Al to the
entire value chain include improved transparency, traceability, efficiency,
and quality monitoring to safeguard food quality and safety, as well as
increased ease in providing stakeholders with relevant information (Di
Vaio et al., 2020; Karanth et al., 2023; Mahroof et al., 2022). Karanth
et al. (2023) and Marvin et al. (2022) underline the use of prediction
models along the value chain, for example, to forecast climate change-
induced food safety risks and demand patterns. In the following section,
we describe the potential sustainability benefits of applying Al at differ-
ent stages of the value chain and address further benefits of its application
beyond single stages (i.e., to the process as a whole).
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7.3.1 Food Production

In food production, Al can be applied for crop, greenhouse, and livestock
monitoring, as well as towards optimizing the use of fertilizers and water,
resulting in what can be called data-driven and precision agriculture (Di
Vaio et al., 2020; Marvin et al., 2022). Permanent real-time monitoring
via cameras and other sensors of, for example, soil humidity or tempera-
ture and crop conditions can help adjust parameters for more consistent
and best possible results (Hassoun et al., 2022). Combining this informa-
tion with weather information and forecasts allows for even more precise
identification of needs such as irrigation (Hachimi et al., 2023). Based on
this information, irrigation can be largely automatized and adjusted to
the needs of different parts of arable land. Similarly, fertilizer use can be
optimized and targeted to specific needs; based on the crop conditions,
Al identifies the optimal time for harvesting. Subsequently, storage con-
ditions can be monitored, and suboptimal conditions automatically be
reported and measured to adjust the conditions triggered. In livestock
and fish farming, automated monitoring and data analysis can help opti-
mize feeding patterns and monitor the health of animals via weight and
behavior analysis. Automated monitoring allows for the identification of
early signs of diseases (both in crops and livestock), and the application
of blockchain solutions can help to trace outbreak paths, e.g., when food
products or livestock are transported between players in the value chain
(Kamath, 2018; Misra et al., 2022). Moreover, urban agriculture can
benefit from Al applications, as it often requires an even more controlled
environment (Shamshiri et al., 2018).

7.3.2 Food Aggregation

When it comes to optimizing the aggregation of supplies from different
producers, combining and analyzing information from various producers
or farms within and across regions with Al solutions can help predict
availability and timing. The information can be used to steer harvesting
times and coordinate storage use and delivery from different producers
(Marvin et al., 2022). As a result, supply can be coordinated in such a
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way as to make food processing less dependent on fluctuations, avoid
food spoilage, and result in a more stable flow of food products overall.

7.3.3 Food Processing

In the processing stages, Al can be used for process control and monitor-
ing to reduce food waste and loss (Marvin et al., 2022). One such benefit,
for example, follows from the more precise cutting of meat off bones via
the automated measuring of each individual animal and a corresponding
analysis to identify the optimal cuts, which would reduce meat waste
from inaccurate cuts. Based on data analysis, advanced machinery can be
automatically fine-tuned and adjusted according to the characteristics of
each animal (Sigurjonsson & Wendt, 2023).

Another benefit of using Al is non-destructive quality monitoring via
sensors and automated image analysis. Damage, defects, and other irreg-
ularities, such as foreign objects, and abnormal color and texture, can be
detected. Thanks to the high computing capacity of Al, each unit can be
quality checked instead of the small sample that could be manually
checked. Furthermore, the quality check does not impact the product
itself, i.e., the product is not destroyed by the quality check as would
often be the case in manual quality checks (El-Mesery et al., 2019;
Hassoun et al., 2023; Sigurjonsson & Wendt, 2023).

For optimal use of machinery and fine-tuning based on the character-
istics of the raw material, information flow along the value chain is of
essential importance in the processing stages. Based on continuous infor-
mation flow from farms, fishing vessels and so forth, processing can be
automatically planned and coordinated. Similarly, information in (nearly)
real-time on customer behavior, such as purchasing choices, swings in
demand or demand shocks (as was observed at the height of COVID-19
when restaurants closed), can be immediately considered and food pro-
cessing adjusted accordingly (Sigurjonsson & Wendt, 2023).

In this case, Al makes the food value chain more sustainable by reduc-
ing food loss and improving food safety. A better match with customer
demands helps avoid food waste; for the same amount of output less
input is needed, which means that fewer animals need to be slaughtered.



142 S. Wendt and T. O. Sigurjonsson

Whether or not efficiency gains result in reduced use of resources or in
higher productions remains to be seen (Sigurjonsson & Wendt, 2023). In
various instances, especially in regions experiencing a food shortage,
increased production based on the same input amount might be a socially
desired outcome.

7.3.4 Food Distribution

Distribution channels and systems for food products can benefit from the
application of Al in various ways. First, monitoring conditions during
transportation, such as temperature and humidity, becomes available
without interruptions thanks to sensors that collect the corresponding
data and an automated analysis via algorithms. Based on defined thresh-
olds, air conditioning systems in containers and trucks as well as in ware-
houses and shops can use this information to adjust automatically, which
means that temperature control becomes much more precise. The appli-
cation of Al during transportation therefore ensures proper transport
conditions and reduces perishability as well as the risk of spoilage, which
represents both environmental and social benefits in the sense of reduc-
tion of food waste and improved food safety (e.g., Mahroof et al., 2022;
Marvin et al., 2022; Vernier et al., 2021). Al-based routing, scheduling,
and tracking of delivery performance can help optimize transportation
routes and further reduce transportation times with corresponding ben-
efits for not only food quality, but also fuel consumption (Hassoun et al.,
2022).! Given the enormous quantities of fossil fuels used for food trans-
portation, with transport accounting for nearly 20% of total food-system
emissions (Li et al., 2022), reducing the consumption of fossil fuels by
optimizing transportation routes would help reduce greenhouse gas emis-
sions significantly. This would be particularly impactful, as renewable
energy has not yet replaced fossil fuels in transportation via planes, ves-
sels, trucks, etc.

At various stages during transportation, such as loading, unloading,
and arrival, image recognition and analysis can be used to identify

! See also Ochler et al. (2013) on smart transportation systems.
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damaged products or packaging (El-Mesery et al., 2019; Hassoun et al.,
2023). The corresponding benefits with regard to product quality repre-
sent social benefits in terms of food safety. Features such as the automated
scanning of bar codes upon arrival to, or when leaving, warchouses or
shops, combined with the automated tracking of the location where
goods are stored and an analysis of the amount in stock, allow for auto-
mated ordering processes and prevent stock misplacement. Moreover, the
visual supervision of shelves in shops and automated analysis of corre-
sponding pictures can identify empty shelves and trigger either the
replenishment from the warehouse or the ordering of additional supply
(Sigurjonsson & Wendt, 2023). While these benefits initially appear to
be primarily gains in terms of efficiency, in the sense of optimized prod-
uct flow and inventory management, these improvements also contribute
to a more sustainable value chain by reducing excess stock, which in turn
reduces food waste. Furthermore, when considering food products that
cover basic needs, automated processes can also help secure continuous or
regular availability, which can be categorized as a social benefit. A further
social benefit of automated warehouses results from the avoidance of
dangerous and unfavorable work conditions, such as extremely low tem-
peratures in cold storages, and thus a reduction in the number of work-
place accidents.

When it comes to the final stages of distribution, customer behavior
plays an essential role. Al-based systems can analyze and predict customer
behavior by, for example, anticipating seasonal variations in demand or
shoppers’ in-shop behavior. Moreover, smart home devices, such as smart
refrigerators, can help optimize purchase behavior, avoid overbuying and,
in turn, reduce food waste. These decision support systems can help make
inventory management, distribution, and consumption more sustainable
(e.g., Kumar et al., 2021; Mahroof et al., 2022; Marvin et al., 2022).

7.4 Discussion and Conclusions

The purpose of this chapter was to examine how the application of Al can
make the food value chain more sustainable. We analyze the literature to
identify how Al can help make food production, aggregation, processing,
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and distribution more environmentally friendly and socially responsible.
While some of the findings are specific to single stages, various aspects are
also relevant along the entire value chain.

We found that Al systems, including continuous monitoring with sen-
sors and cameras, automated information analysis, and the prediction of
various conditions, can help implement automatized actions or trigger
human intervention to make agriculture more precise and, thus, reduce
the use of resources. Moreover, diseases can be detected early on with Al,
which facilitates swifter countermeasures and reduces, or even avoids, the
use of chemicals. Optimized coordination between producers as well as
automated measuring, Al-supported processing lines, continuous quality
monitoring, and optimized storage and transportation can reduce food
loss and waste and, in turn, reduce the number of resources needed.

It becomes evident that most of the environmental benefits result from
the efficiency gains that can be achieved when using Al. Social benefits
result from increased food security and safety due to improved quality
monitoring and reduced food waste and loss. Moreover, optimized ware-
house and inventory management based on advanced demand analysis
and predictions can help reduce food spoilage. Automatization can also
help avoid dangerous working conditions.

Continuous monitoring of soil and crop conditions, in combination
with other data, such as weather data, can help identify early signs of
droughts and other climate change-induced weather conditions. Similarly,
livestock monitoring can help identify early signs of diseases that might
result from extreme heat waves, and farmers and health authorities can
implement corresponding countermeasures. Optimizing transportation
routes, transportation conditions, and storage conditions, as well as
inventory and warehouse management with the help of Al can greatly
reduce transportation needs, which can significantly reduce greenhouse
gas emissions.

Opverall, increased efficiency in the form of reduced water and energy
consumption, the reduction of waste through more accurate demand
prediction, as well as increased adaptation capacity through forecasting
and simulation of future scenarios results in potential environmental and
social sustainability benefits. Moreover, the improved sustainability of
production and manufacturing can be achieved through more precise
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monitoring and lower emissions across the supply chain by optimizing
routes and transportation options (see also Kumar et al., 2021). However,
when implementing Al solutions in companies, the primary focus still
seems to lie on financial or economic efficiency gains. In contrast, sus-
tainability benefits are relegated to (positive) side effects (Sigurjonsson &
Wendt, 2023).

Potential hindrances to the implementation of Al include a lack of
trust, digital infrastructure, and technical skills, as well as the need for
substantial investments (e.g., Hassoun et al., 2022; Karanth et al., 2023;
Zhou et al., 2022). Aspects such as trust in institutions and persons, risk
attitude, knowledge and skills have been shown to influence technology
acceptance and/or algorithm aversion (Behrenbruch et al., 2013; Ochler
et al., 2022) and, hence, also need to be considered in the context of
implementing Al. More advancement in the implementation of Al will
require revised educational curricula to ensure the required skill sets in
employees entering the job market. Besides the need for experts in pro-
gramming Al solutions, many employees along the value chain need the
corresponding basic understanding and skills to apply Al solutions or to
use machinery and software solutions with integrated Al applications
without being Al experts themselves. Moreover, many Al solutions are
still very expensive and need high investment amounts that might not yet
be affordable, in particular, for smaller companies or companies that have
not yet embarked on the digitalization journey.

Potential negative social and ethical impacts of the implementation of
Al result from job displacement due to automation and a loss of privacy
as a result of monitoring in the workplace and the tracking of consumer
behavior (Ryan, 2022).> On a global scale, social inequality might increase
when access to Al is limited, particularly in developing countries (Di
Vaio et al., 2020; Ryan, 2022). These ethical concerns need to be taken
seriously in the public debate, in policymaking for the development and
implementation of Al solutions, and when integrating Al in corporate
strategy and operations, because the successful implementation of Al
needs to be built on trust to foster technology acceptance and overcome
algorithm aversion as mentioned above. These ethical concerns relate to

*For corresponding cybersecurity risks, see also Marvin et al. (2022).
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transparency, traceability, explainability, interpretability, accessibility,
accountability, and responsibility (Manning et al., 2022).

Questions have also arisen as to whether the benefits from the use of
Al actually lead to more sustainable processes; concerns also exist sur-
rounding the ecological and social impacts of Al itself. Dauvergne (2022)
argues that efficiency gains lead to more production instead of less use of
resources and that Al has led to more natural resource extraction.
Moreover, Ryan (2022) argues that the use of Al can result in increased
energy consumption (for Al solutions) and greenhouse gas emissions.
These concerns and the continued development of Al, and its implemen-
tation in various stages of the food value chain, call for ongoing research
to be able to benefit as much as possible from the sustainability benefits
of implementing Al. Expanding the use of Al will not solve all sustain-
ability issues in the food value chain. This means other, i.e., non-Al based
approaches to make the food value chain more environmentally friendly
and socially responsible must also be considered and developed. Such
approaches might include restructuring of entire value chains to shorten
transportation distances, stronger focus on local sourcing and local distri-
bution, stricter sustainability criteria for selecting suppliers, nudging cus-
tomers towards more environmentally and socially friendly products, to
name a few. These approaches and Al solutions must be analyzed and
compared to identify and implement the most effective approaches. In
this sense, a combination of Al solutions and non-Al solutions might be
a promising approach in order to benefit from both developments.
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Analysis of Smart Meter Data
for Energy Waste Management

Djordje Batic, Lina Stankovic, and Vladimir Stankovic

8.1 Introduction

When we think about artificial intelligence (AI), we often think of
machines that have the potential to assist in or entirely replace human
jobs: personal assistants such as Siri and Alexa; self-driving vehicles devel-
oped by Tesla, Mercedes, and Volvo; or perhaps humanoid robots such as
those designed by Boston Dynamics. However, very few people realize
that one of the more advanced uses of Al may be found in their utility
room, closets, or cupboards. These are the places where one might often
find a gas or electricity meter, sometimes a “smart meter”, which is a
small device that collects energy usage data, and, combined with the
powerful predictive capabilities of state-of-the-art Al can not only enable
accurate billing and encourage energy-efficient behavior, but better man-
age the electricity grid, power generation and distribution, and facilitate
the transition to renewable energy sources and electric vehicles
(Gellings, 2020).
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This energy transition, characterized by a shift from fossil fuels to
renewable energy sources, is a complex and challenging process that
requires the cooperation of multiple stakeholders and includes the inte-
gration of advanced technologies, innovative business models, effective
policy frameworks, and people. The core technology that has the poten-
tial to unlock this better, brighter future and enable the integration of
these elements is that of smart meters (Farhangi, 2010). Embedding
smart metering as the interface between the smart grid and buildings
(i.e., between energy generation and consumption) will play a pivotal
role in the digitalization of the energy industry and is the key to sustain-
ability and a successful energy transition.

Smart meters are devices that communicate high-frequency, real-time
energy consumption (and production) information to utilities, consum-
ers, and other stakeholders. Smart meters have become immensely impor-
tant in recent years, as an increased number of energy consumers are also
becoming producers (e.g., through solar power generation) (Parag &
Sovacool, 2016). Furthermore, policies rolled out by many European
countries promote the purchase of electric vehicles (EVs) and the instal-
lation of EV charging stations in homes, workplaces, and in places of
social gathering. As a result, the ongoing transition is bound to cause a
dramatic increase in electricity demand, exacerbating the need for the
accurate metering of energy consumption and generation.

Smart metering is at the forefront of integration between the energy
industry, Al, wireless network systems, and other forms of advanced
information technologies. Additionally, the technology underpins the
transition towards renewable energy sources and fulfilment of energy effi-
ciency goals as set out by the Paris Agreement. However, the collection,
processing, and interpretation of smart meter data has brought forward
many challenges. As Al systems that use smart meters grow increasingly
more complex, they bring about challenges related to robustness, privacy,
and transparency (Kaselimi et al., 2022). Businesses providing feedback
using Al-based smart meter analytics are ultimately accountable to their
customers. As a result, “Trustworthy AI” has attracted significant interest
within the research community and among businesses, policymakers,
and individual consumers. The integration of new “trustworthy” Al tech-
nologies within systems that analyze smart meter data aims to create
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systems that are transparent, more accurate, better able to deal with mali-
cious attempts at the destabilization of the system, as well as address
issues related to data collection and privacy (European Commission, 2019).

Moreover, the increased rollout of smart meter technologies has the
potential to tackle some of the issues we face with climate change. From
the 1950s till 2018, the proportion of the global population living in
urban areas has experienced a dramatic increase from 30% to 55%, and
it is expected to grow to 68% by 2050 (United Nations Department of
Economic and Social Affairs, 2018). Urbanization is one of the main
drivers of economic activity and growth through the concentration of
labor, capital resources, and production. However, the increased demand
for goods and services, resulting from economic growth in industrializa-
tion and urbanization, has contributed to a rapid increase in the use of
non-renewable resources, leading to environmental degradation. The rise
in the exploitation of non-renewable resources is the leading cause of
climate change, one of the most significant global issues (United Nations
Department of Economic and Social Affairs, 2018). In particular, carbon
dioxide (CO,), a by-product of the use of fossil fuels for industry, for-
estry, and agriculture, constitutes the majority of anthropogenic green-
house gas emissions and is considered one of the most damaging
pollutants. The energy supply sector is the largest producer of CO, emis-
sions and it is projected to remain so due to increased electricity use in
buildings and industry (Bruckner et al., 2014).

Global warming represents a serious threat to environmental sustain-
ability. Governments, international organizations, and businesses have
joined forces to seek methods for reducing the negative environmental
impact of the energy sector. Leveraging technological innovations, efforts
have been concentrated on using low-emission energy sources, including
renewables and nuclear power. Carbon neutrality goals, the implementa-
tion of sustainable policies, and increased solar and wind energy cost-
effectiveness have contributed to significant changes in the energy sector.
As a result, global renewable electricity capacity is projected to reach
4800 GW by 2026, a 60% increase from 2020 levels (IEA, 2021).
Furthermore, advances in transportation systems, particularly the electri-
fication of vehicles, have a great potential to reduce greenhouse gases and
promote energy efficiency. However, achieving such a shift to a
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low-carbon economy while assuring energy security involves drastic
changes in how energy is supplied and consumed.

This rest of this chapter is organized as follows. Section 8.2 will focus
on exploring the sustainability benefits of smart grids and smart meters,
drawing attention to how these technologies offer definitive solutions for
energy management, particularly in a world increasingly dependent on
renewable energy. While these advancements seem promising, they also
come with unique challenges, particularly when incorporating Al In
Sect. 8.3, we delve into these challenges, focusing on the issues related to
robustness, fairness, transparency, and privacy. A particular emphasis will
be placed on Trustworthy Al for Non-Intrusive Load Monitoring (NILM)
systems, a subtopic under Sect. 8.3. Lastly, the chapter will offer insights
into the future of Al for smart meter data analytics, shedding light on the
transformative potential of Al, its role in revolutionizing and decarbon-
izing the electricity grid, and the prospective challenges that lie ahead.

8.2 Sustainability Benefits of Smart Grids
and Smart Meters

As the world moves to more renewable energy sources, the impending
energy transition requires significant transformations in the energy sec-
tor. Not only will renewables cause major increases in electricity demand,
but they will also cause substantial supply fluctuations (IEA, 2021). As a
result, there are several challenges in the mass integration of renewables
into the existing electricity grids, primarily due to supply variability. Solar
photovoltaics (PVs) and wind turbines, the main drivers of renewable
technologies, only operate when sunlight or wind is abundant. Because
of this, the electricity grid is subjected to massive injections of PV or
wind power during sunny or windy days and low inputs during cloudy or
calm days, which poses a grid stability and renewable energy integration
challenge.

Interestingly, electric vehicles (EVs) can absorb excess energy that would
otherwise be wasted, improving the economic benefit of wind and solar
power generation (Richardson, 2013). However, this can introduce major
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changes in the electricity demand, especially in locations with a large
number of charging stations, where EVs may be charged at the same time
during the day, leading to a very high load on the distribution grid and
uncertainty in electricity supply meeting demand (Palensky & Dietrich,
2011). Another important element of modern grids is that an increasing
number of energy consumers are becoming producers of energy, i.e., pro-
sumers. As a result, the generation, transmission, distribution, and control
operations of the traditional grid need to be able to accommodate the
dramatic changes caused by the transition towards renewable energy and
the electrification of transport (Parag & Sovacool, 2016). This need has
led to the emergence of Smart Grid (SG) systems that aim to facilitate
operational efficiency and reliability of the grid using advances in infra-
structure, intelligent information collection, automation and knowledge
extraction (Fang et al., 2012). SGs enable the decentralization of distribu-
tion and communication and are at the forefront of efforts geared towards
addressing operational complexity introduced by the increased utilization
of renewable energy. It aims to deliver power more efficiently and auto-
matically address any events that may impact the quality or reliability of
the power supply and generation (Gellings, 2020).

Despite the apparent benefits, it is important to note that in some
instances, energy efficiency efforts lead to rebound effects (a phenome-
non where energy efficiency can lead to an increase in the consumption
of energy services). Consequently, rebound effects could offset the
expected benefits of SGs, where lower energy costs induced by them may
stimulate additional energy use. In the context of rebound mitigation,
one promising initiative to boost environmental consciousness is raising
awareness of households” energy consumption behavior (Font Vivanco
et al., 2016). Knowledge extracted from electricity use behavior can be
used to better understand the changing needs of consumers and prosum-
ers alike and make sense of complex consumption patterns, and the core
technology that enables this is smart metering (Fan et al., 2013).

Successful operation of SG infrastructure depends on the ability to
collect and extract knowledge from live load measurements that will
enable better monitoring of supply and demand, reduce operational
costs, and optimize energy efficiency. Smart meters enable real-time con-
sumption feedback that is communicated remotely to utilities,
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consumers, prosumers, and other stakeholders with an interest in meet-
ing energy efliciency targets. Unlike traditional meters, which usually
provide consumption feedback only once a month, smart meters can pro-
vide feedback in real-time. Smart meters represent the core pillar of the
smart grid and are the key to the successful realization of future energy
management systems that make informed decisions for consumers, elec-
tricity producers, and network operators alike. Smart grid technology is
essential in lowering carbon emission goals, as it facilitates the broader
incorporation of renewable energy sources like solar and wind power.
This incorporation enables small-scale electricity production, enhances
supply and demand flexibility, assures accurate customer billing, and pro-
motes the decentralization of power generation (Sovacool et al., 2017).

Smart metering deployment has been observed through large-scale
national implementations (Zhou & Brown, 2017) and smaller experi-
mental ventures predominantly seen in Europe, Canada, and the
USA. Moreover, smart metering benefits multiple actors in the smart grid
system (Depuru et al., 2011). Energy consumers benefit from more accu-
rate billing and increased awareness of their energy usage patterns, which
can promote energy efficiency behavior. Additionally, smart metering
provides further savings in cases of variable tariffs, where users can shift
the time of use of certain appliances and get rewarded with lower electric-
ity costs or bonuses. Furthermore, it can lead to a higher quality of service
due to increased competition among suppliers who can offer more per-
sonalized contracts and various other incentives. Finally, utility compa-
nies benefit from smart meters due to an increased understanding of their
customer needs, which can drive customized pricing and lower costs due
to eliminating the need for physical meter readings.

The imminent shift from conventional electricity networks towards a
smart grid is expected to bring various opportunities and challenges, and
shift towards predominantly low-carbon energy and distribution across
the energy generation system is one of the foremost challenges. To bal-
ance the inherent variability and unpredictability associated with renew-
able energy sources such as wind and solar power, proactive operational
measures will be vital for maintaining the stability of the system and a
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balance between production and demand, ensuring the adherence of gen-
eration outputs and network transfers to capacity constraints and manda-
tory security margins. Importantly, demand will be a controllable aspect
as end-users transition from passive consumers to active participants in
both system and market operations. In this context, smart appliances,
electric heaters, and batteries will offer significant demand-side flexibility.
In contrast, the electrification of other energy sectors, such as heating/
cooling (e.g., via electric heat pumps) and transport (e.g., electric vehi-
cles), is set to broaden further the scope for load control and synchroniza-
tion with overall system requirements.

The issue of understanding consumption patterns through the analysis
of metered data has long been a point of discussion in the scientific com-
munity. One of the first implementations of knowledge extraction from
metered data of total energy consumption was proposed by (Hart, 1992),
who derived a technique that enables the estimation of power usage of
individual appliances, given only the total electricity consumption. This
technique is known as non-intrusive load monitoring (NILM). The core
principle of NILM is modeled as a source separation problem. It aims to
understand individual appliances’ consumption by modeling the typical
energy consumption signals of electrical appliances and extracting them
from the total electricity load. This technique effectively enables the “vir-
tual” monitoring of electricity consumption of individual appliances,
such as washing machines, refrigerators, kettles, etc., without the need to
install separate meters on each appliance. Since the deployment of smart
grids, NILM has received an uptake in interest from businesses and
researchers due to its ability to understand consumption profiles and the
potential to be integrated with demand response programs aimed at
achieving energy sustainability and increased efliciency (Zeifman &
Roth, 2011). Time and frequency of use of particular appliances, includ-
ing EV charging, are critical in meeting demand and managing energy
consumption and production. Over the years, many algorithmic
approaches have been proposed in NILM; however, the most successful
and impactful methods have come from the advances in Al and Deep

Learning (DL) over the last decade.
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8.3 Challenges of Using Al for Smart Meter
Data Analysis

The technological progress introduced by the emergence of DL-based Al
has been one of the most impressive breakthroughs of the last decade.
Historically, significant technological breakthroughs, such as agricultural,
industrial, and computational revolutions, have been followed by
immense improvements in production and efficiency, lower prices and
increased quality of goods, increased wealth, and an overall increase in
societal prosperity. Looking ahead, the scale of possibilities introduced by
the successful integration of Al has the potential to bring forth a new “Al
revolution”. Al systems currently in use can already solve complex prob-
lems and offer a wide range of valuable services. As a result, it is no sur-
prise that there have been many efforts to apply DL principles to a wide
range of problems associated with meeting energy efficiency goals, where
NILM is one of the most interesting challenges. The majority of modern
NILM systems operate on the backbone of neural networks (NNs). NN
represents a system of interconnected artificial neurons that are coher-
ently organized and may be used to discover patterns in a large body of
data by an iterative learning process (LeCun et al., 2015). NILM research-
ers and businesses that incorporate NILM have employed NN architec-
tures to successfully detect signatures of a wide variety of appliances in
many countries across the globe, which is a complex task due to varia-
tions in climate, building quality standards, and types of appliances com-
monly used in different areas. However, despite their excellent predictive
performance and potential, Al applications have several ethical pitfalls
hindering large-scale adoption.

Al algorithms are able to extracting knowledge from abundant data
sources, including images, text, and sequential data. Widespread adop-
tion in finance, transportation, entertainment, medicine, social media,
and autonomous vehicles has shown that Al can lead to increased eco-
nomic benefits. However, this rapid integration of Al into the everyday
lives of citizens has led to questions about the pervasiveness of Al (Rahwan
etal., 2019). This issue is particularly important for application domains
such as smart homes, where Al algorithms analyze highly sensitive and
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personal data. For example, smart meter data can be used to infer the
daily routines of a household (Efthymiou & Kalogridis, 2010). While
this information is intended to provide energy-saving recommendations,
it also has the potential to reveal the social habits of the people in the
households, such as when a family member is cooking, exercising, doing
laundry, or performing other household activities (Stankovic &
Stankovic, 2020).

Consequently, with the help of Al, smart meter data can be used to
determine when someone is at home, their sleeping patterns, and house-
hold activities. Due to these issues, introducing smart meters has raised
serious concerns from the public, governments, regulators and other con-
cerned individuals and organizations. In France, since the introduction
of smart meters in 2015, there have been a number of incidents of people
refusing installation of smart meters due to concerns centered around
privacy, which is a trend reported in many other European countries,
such as Netherlands, Canada and USA (Vigurs et al., 2021). As a result,
to establish trust in the Al technologies used for smart meter data analy-
sis, it is of utmost importance to ensure that the algorithms involved
prevent infringement of user privacy and security and offer transparency
of the predictive results to encourage user acceptance.

Additionally, developments in algorithmic approaches in Al have led
to improved performance in knowledge extraction tasks. Recent NILM
surveys (Angelis et al., 2022; Huber et al., 2021) suggest that the perfor-
mance of Al models achieves the best predictive performance across a
wide range of real-world and synthetic dataset scenarios. However, the
rapid growth of Al has led to some emerging concerns surrounding the
use of Al models. Particularly, on the fact that focusing solely on predic-
tive accuracy metrics when evaluating the quality of Al (often the case in
many real-world applications) neglects other important factors, such as
the trustworthiness of the Al system. “Trustworthy AI” refers to Al sys-
tems that are reliable, unbiased, and safe (European Commission, 2019).
Correspondingly, Trustworthy Al for NILM would imply that the algo-
rithms trained on smart meter data obtain good predictive performance
but are also designed to emphasize other important properties such as
robustness, fairness, transparency, and privacy. Accounting for these
properties is an essential step towards wider adoption of Al and an
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opening for a new, mature era of Al design and deployment. Furthermore,
it is important that these issues become public knowledge, as public
awareness will motivate discussion butalso drive innovation. Furthermore,
it can help open the marketplace to new start-ups centered around real-
izing Trustworthy Al design and deployment principles.

A. Trustworthy Al for NILM

The remainder of this chapter will focus on presenting approaches that
account for each of the core properties of Trustworthy Al for
NILM. However, it is important to retain a holistic view, as a breach of
trust in any single property can undermine the trust level of the whole
system. Furthermore, it is vital to understand that the pursuit of trust-
worthiness should include awareness of the interactions between the
properties of the trustworthy system, which is particularly important
when requirements interfere with each other. For example, by ensuring
strong data privacy guarantees, the predictive performance of the system
may suffer. Additionally, if input data is significantly altered, it might
negatively affect the system’s transparency. Thus, even though there are
significant possibilities for progress in individual instances of trustworthi-
ness, it is equally important to understand the requirements and interac-
tions of each aspect of the trustworthy system.

The robustness of an Al system is reflected in its ability to deal with
unseen, noisy, or erroneous data (Kaselimi et al., 2022). Hence, robust-
ness is a property that strongly affects the system’s performance in real-
world scenarios. Systems that lack robustness may show unpredictable
behavior or cause harm to the user and consequently diminish the sys-
tem’s trustworthiness. This trust in the system that a user has is especially
important for applications that analyze personal data or have a direct
impact on the financial security of users. In the context of NILM, both
are true, as smart meter data contains information about consumption
patterns and enables billing and energy savings benefits. As a way of
addressing such issues, there has been a great deal of work done to evalu-
ate the robustness of Al models, and the proposed techniques may be
categorized based on the way they approach the problem: at the data
level, through the algorithm or via evaluation metrics. Significant
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attention has been devoted to evaluating disaggregation performance on
unseen data, where unseen data represents data that the Al model has not
been trained on. Given a model trained on smart meter data from houses
in a distinct dataset, there are two problems that researchers and busi-
nesses have identified in such unseen scenarios: generalizability, i.e., the
ability to perform well on unseen smart meter data from houses in the
same dataset, and cross-domain transferability, i.e., the ability to perform
well on unseen smart meter data from houses in other datasets. The dis-
tinction between datasets is essential because they may contain informa-
tion on different types of appliances, and also on different consumption
habits, locations, tariffs, household income, etc.

As large amounts of data are often required for the training of AI mod-
els, the most critical factors in terms of data quality that can negatively
affect robustness are a low sampling rate and an insufficient number of
houses in the dataset (Shin et al., 2019). These issues can lead to poor
predictive performance in many real-world scenarios due to insufficient
data or datasets with imbalanced classes. Thus, one of the ways to increase
the data quality and alleviate such problems is to use data augmentation
techniques that aim to enlarge the training dataset with high-quality
data. Kong et al. (2020) use target appliance activations collected from
customers in the database and randomly insert them into the aggregate
data profile. In this way, the size of the dataset is significantly enriched
with realistic data samples, which is crucial for the robustness of the Al
model. On the other hand, Harell et al. (2021) propose a technique based
on a Generative Adversarial Network (GAN). A GAN can be considered
a NN that aims to create replicas of the data used to train it. Imagine that
there is a pianist who seeks to recreate the sound of Artur Rubinstein
playing Chopin. Unfortunately, he has never heard any Chopin composi-
tions and only has access to a fellow musician who knows precisely what
Rubinstein playing Chopin sounds like. The fellow musician lets his
friend play the piano, and every time he sounds similar to Rubinstein
gives him a reward. Thus, the musician learns to play Chopin like
Rubinstein. Based on this example, GANs used for NILM aims to syn-
thesize realistic appliance power signatures by playing a similar game
between imitating the existing data in the dataset.
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To determine the performance of a NILM algorithm, Klemenjak et al.
(2019) propose various evaluation metrics that quantify the relative dif-
ference in predictive performance on seen and unseen houses in the data-
set. Similarly, Rafiq et al. (2021) propose an energy-based evaluation
metric to quantify the predicted, overlapping, missing, and extra energy
percentage. As a way of advancing the architectural design of robust
NILM networks, Murray et al. (2019) developed Convolutional Neural
Network (CNN) and Gated Recurrent Unit (GRU) based architectures
and conducted experiments to show that their algorithmic approach can
achieve favorable generalizability performance across multiple public
datasets.

One of the often-overlooked aspects of Al robustness in NILM is the
ability of the system to withstand adversarial attacks. Adversarial attacks
imply that Al models can be exposed by malicious imputation of small
and often unnoticeable changes in the training data. As the use of Al with
smart meter data is one of the core elements of smart grids, Al models are
vulnerable to adversarial data attacks that aim to compromise the system
by injecting data to purposefully cause negative effects on the perfor-
mance (Goodfellow et al., 2015). Wang and Srikantha (2021) stress the
importance of more research in the area of adversarial machine learning
for smart grids and show that by training a substitute Al model, it is pos-
sible to steer the original model (used in the smart grid) towards incorrect
predictions, without any knowledge of original model architecture or
training data. One approach that can alleviate such a problem is anomaly
detection, or detection of outliers, which is critically important in sys-
tems subjected to large amounts of fraudulent data.

Despite being at the forefront of energy efficiency efforts, smart meters
have the potential to compromise user privacy. Even though the integra-
tion of traditional meters has already raised privacy and security con-
cerns, smart meters have exacerbated this problem due to the high
granularity of data collection, as well as the bidirectional, wireless nature
of their communication. Many everyday houschold activities such as
washing the clothes or dishes, cooking, heating the boiler, or watching
TV have distinct and detectable power consumption signatures, which
leads to the ability of Al tools to predict what sort of activities family
members are performing at any point in time (McDaniel & McLaughlin,
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2009). This information can be used maliciously, such as targeted adver-
tising or burglary. One of the most critical aspects of Trustworthy Al for
smart meter analysis systems is deploying Al models that do not infringe
on users’ privacy. Privacy violation risks encompass the full lifecycle of the
Al system. They can be categorized as follows: unauthorized access to raw
data through data breaches, unauthorized extraction of sensitive informa-
tion through Al model inference, and unauthorized access to the Al
model itself (Brundage et al., 2020). All of these risks are relevant to
smart metering systems and prevention of such risks has attracted
researchers and businesses to develop various techniques for privacy pro-
tection. Privacy concerns can be addressed during data pre-processing,
during model training, or during deployment.

First, Al NILM systems can address privacy risks with techniques for
the privacy protection of data used for training. One of the most com-
mon approaches in privacy preservation is data anonymization. Data
anonymization aims to address privacy concerns by modifying the data
so that the knowledge contained in the private data cannot be attached to
a person. Popular algorithms include “k-anonymity”, which aims to
ensure that each user in the anonymized dataset cannot be identified
within a set of “k” number of users. Other common approaches include
random noise injection, data transformation, and differential privacy.
Backes and Meiser (2014) examine a way to achieve different levels of
privacy through the use of rechargeable batteries for noise injection, while
Cao et al. (2018) propose an approach based on differentially private Fog
computing. Fog computing is a system of interconnected edge devices
that provide a substantial amount of communication, storage and com-
putation over an internet-based service. The authors use the Fog comput-
ing backbone for NILM and introduce differential privacy by obfuscating
user behavior through the addition of noise to switch states of appliances.
Differential privacy (DP) is one of the most widely adopted frameworks
for data privacy, and leading technology companies such as Google,
Meta, and Apple all have versions of the DP framework. The core mecha-
nism of DP is the notion of a “privacy budget”, which quantifies the
greatest possible information gain in case of malicious data access.

Another way privacy preservation can be achieved is during model
training. The most successful approach used for this is Federated Learning
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(FL). Zhang et al. (2022) propose an FL approach for NILM, where
personalized models can be trained privately and locally, without collect-
ing user data from the main server (i.e., utility company). As opposed to
the traditional Al learning paradigm that requires the collection and stor-
age of data on a central server where the model is subsequently trained,
FL is a framework that enables edge devices (e.g., smart meter) to col-
laboratively train an Al model without the need for sharing of user data
to the central server. In every iteration, the central server collects the
parameters of Al models trained on each edge device and aggregates them
to update the global model. Furthermore, FL also enables personalization
through options to customize the global model to improve the perfor-
mance on individual edge devices. It is important to note that FL facili-
tates user privacy because there is no communication of smart meter data
to the central server; instead, only AI model parameters are shared.

Finally, user privacy can be preserved during the deployment of Al
models. Hardware attacks represent important risks, as the data can be
subjected to malicious purposes. As a result, various approaches have
been proposed, and one of the most widely adopted hardware security
protocols for the privacy of user data that can be applied to data collected
from smart meters is Trusted Execution Environment (TEE) (Karopoulos
etal., 2017). TEE protocols support data encryption and secure storage,
while applications and software executed in a protected environment pre-
vent unauthorized access, tampering, or reverse engineering of the secu-
rity mechanism.

The rapid success of modern Al algorithms, such as deep neural net-
works (DNNs), also presents enormous challenges related to system
transparency. An increasing number of governments, researchers, busi-
nesses and users have voiced concerns over the lack of transparency in Al
algorithms. The inherent complexity of DNNs makes understanding the
process behind the computation of their decisions very difficult, which is
why they are often called “black box” algorithms. As an example of lack
of transparency, difficulty in explaining the mechanisms behind how
Netflix recommends a movie to watch might not be worrying; however,
transparency of systems that analyze personal data such as personal activ-
ity, health, and gender, as well as systems that have a direct impact on the
financial security of users is a much more serious concern. The link
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between transparency and trust has long been an active area of research
interest, and studies suggest that systems that do not display physical
characteristics (e.g., robot) or have no identity (e.g., chatbot or avatar)
rely primarily on aspects of robustness and transparency for establishing
trust (Glikson & Woolley, 2020). Hence, in recent years, there has been
a strong push toward developing practical tools that enable a better
understanding of how Al models arrive at their decisions. These tools can
broadly be categorized under the field of “explainable AI” (XAI). XAI
aims to develop techniques for deriving understandable human explana-
tions from specific predictions or decisions of an Al algorithm. XAI tech-
niques have been shown to facilitate a better understanding of Al systems
and increase trustworthiness. However, adoption in certain fields has
been limited. This limited adoption is especially true of smart grid sys-
tems, including NILM applications.

The first approach by Murray et al. (2021) provides analysis of predic-
tions of a typical NILM DNN by generating visual heatmaps that point
to areas of the highest importance and by occluding certain parts of the
signal and then examining the impact on the derived prediction. The
analysis provides a solution that helps in better understanding the
Al-based NILM system. Machlev et al. (2022) propose an XAl method-
ology for the binary classification of appliances in an aggregate signal
window and subsequent visualization of relevant parts of the signal for
the classified appliance. Finally, Batic et al. (2023) propose a modifica-
tion to the training mechanism of certain types of Al models used for
deployment on edge devices that utilizes XAI mechanisms to improve the
model’s performance. Models are trained using the principle of knowl-
edge distillation, where the behavior of a large and complex Al model is
used to train a simpler model; one that is suitable for use on edge devices
with limiting computational or storage capacity (like smart meters).
Despite the importance of transparency in the context of Trustworthy Al
for smart meter data analysis, the current scope of research is still in its
infancy. To deliver better service and foster trust, researchers and indus-
tries in this sector need to actively work to promote the establishment of
a transparent system design.
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8.4 The Future of Al for Smart Meter
Data Analytics

The rapid advancement of Al technologies, coupled with developments
in how energy is generated, supplied, and consumed, has brought various
products and services that aim to facilitate a greener and more sustainable
future. This intersection of Al and smart grid technologies has united
businesses, researchers, and policymakers in the critical goal of reducing
the harmful effects of climate change and has enormous potential for
growth in the coming decades. However, despite the transformative
impact of Al in the smart grid, the important issue of the trustworthiness
of Al remains. Smart meter analytics, usually customer-facing, are on the
leading edge of Al integration in the smart grid, and NILM presents an
important application of Al using smart meter data. Looking ahead,
developments in the trustworthy aspects of Al used for NILM have
promising potential for further research and implementation.

First, the robustness of Al can be achieved by incorporating various
domain-agnostic and domain-specific evaluation metrics, as well as devel-
oping models that can deal with the issues of generalizability. Another
essential requirement of smart metering technology is its ability to deal
with adversarial attacks, which is a domain that has so far seen limited
interest, despite its importance. Second, Al used for smart meter analyt-
ics needs to provide privacy guarantees. The most promising direction is
the further development of federated learning (FL) approaches to ensure
algorithmic personalization to improve service and benefit users. Third,
Al used on smart meter data needs to ensure transparency by providing
explanations for its derived predictions. With the rapid development of
the field of XAl available techniques are abundant for generating visual
and humanly understandable explanations. However, there is a signifi-
cant limitation in the reliability of such techniques, which calls for a
quantitative evaluation of their quality. Providing metrics suited for smart
meter data types might be one of the most important elements for safely
integrating XAl techniques in transparent smart grid systems. Finally, the
relationship between robustness, privacy and transparency of Al used on
smart meter data needs to be carefully examined, and businesses
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interested in providing such services need to address how they can be
combined and successfully implemented to create an efficient, sustain-
able, and trustworthy system.

In conclusion, the potential for smart meters to drive energy efficiency
and reduce emissions, combined with the application of Al in the smart
grid, underscores the critical role of innovations in the fight against cli-
mate change. However, fostering trust in these technologies among con-
sumers is a prerequisite for their widespread adoption and success.
Implementing safeguards for system robustness, ensuring privacy, and
providing transparent and understandable Al operations are integral for
building this trust. By having an inclusive approach and placing the con-
sumer at the center of this Al transformation, we can harness the full
potential of smart meters and Al to pave the way towards a long-term
sustainable practices and climate-resilient future.
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Leveraging Al to Map SDG Coverage
and Uncover Partnerships in Swiss
Philanthropy

Maria Cristiana Tudor, Lucia Gomez,
Camilla Della Giovampaola, Hubert Halopé,
and Giuseppe Ugazio

9.1 Overview

In 2015, all United Nations (UN) member states ratified the Sustainable
Development Goals (SDGs), which define the core issues to be addressed
and targets to be achieved by 2030 to ensure a sustainable future (UN,
2015). The recent rise in armed conflicts, increasing inequalities within
and between countries, extreme weather events, and the COVID-19
pandemic significantly impacted SDGs’ advancements. For example, it is
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estimated that the pandemic caused four years of regression on SDG 1 —
No Poverty, pushing 93 million people back into extreme poverty (UN,
2022). Such setbacks strongly challenge the possibility of SDG attain-
ment by 2030, highlighting the need for a faster and more resilient recov-
ery (Nature, 2020).

Novel technological resources can provide unique means for a more
innovative and efficient approach to accelerating SDG advancements.
Among others, Artificial Intelligence (Al) presents powerful tools to acti-
vate solutions. Focusing on SDG 17 — Partnership for the Goals, this
chapter applies Natural Language Processing (NLP) and network map-
ping tools to uncover areas of untapped partnership potential in the Swiss
nonprofit sector (see Fig. 9.1). We first present an overview of the SDG
framework and the value of partnerships, followed by an outline of Al’s
role in the SDG landscape. We then illustrate philanthropy’s crucial role
in this context. The following section integrates these subjects by intro-
ducing an NLP-based network mapping tool for uncovering SDG part-
nerships potential in the Swiss nonprofit ecosystem. Lastly, we discuss
some of the general risks of incorporating Al in philanthropic organiza-
tions' and for SDGs.

SDG 17 -
Partnerships

Non-Profit Actors - NLP mapping
Swiss Foundations SDG coverage

Uncovering unt rship potential in the
non-profit sector to accelerate SDG projects.

Fig. 9.1 Chapter overview

!Interchangeably referred to as Non-Profits (NPs) throughout the chapter.
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9.2 Contextualizing Sustainability -
The SDG Framework

A. A Mindful Approach to SDG Implementation

Despite being non-binding, the SDGs showcase a cooperative effort to
acknowledge systemic problems while promoting global awareness. As of
2022, public awareness of the SDGs stands around 50% globally
(Kleespies & Dierkes, 2022), a stark increase from the 28% identified
shortly after their launch in 2016 (Miller, 2016). In the private sector,
83% of companies express their support for SDGs, while only 40% set
measurable targets for their contribution (GRI, 2022). These numbers
provide encouraging evidence of the SDGs’ utility as a unifying structure
to enhance awareness and subsequently streamline efforts and equally
reveal the remaining gap to be addressed between expressed support and
measurable targets.

However, the framework simplifies a highly complex system, leaving
room for inconsistencies (Neubauer & Calame, 2017). Several core con-
cerns are worth mentioning to remain aware of shortcomings and inform
a mindful approach to implementation. Specifically, the economic
growth-oriented perspective (e.g., SDG 8 — Decent Work and Economic
Growth) can propel the same unsustainable systems driving overcon-
sumption and exploitation that other SDGs (e.g., SDG 12 — Responsible
Consumption and Production) are required to tackle (Hickel, 2019;
Hickel & Kallis, 2020). Moreover, there are concerns on whether green
growth is indeed possible (Hickel, 2019), suggesting the relevance of
considering other models, e.g., degrowth models® and circular economy?
(Belmonte-Urefa et al., 2021; Schréder et al., 2019). Secondly, it could
be argued that the SDGs represent a top-down approach to sustainability,
neglecting unique local needs. It is necessary to balance top-down and

?Degrowth models refer to focusing on shrinking some aspects of the economy (e.g., excessive
consumerism), as to reduce energy and resource use.

3A circular economy aims to incentivize reusing, repurposing, and recycling products to extend
their utility and lifespan, which reduces overall energy and resource use as it avoids continuous
production of novel products. This contrasts with a linear economy approach, which places less
emphasis on end-of-life repurposing.
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bottom-up approaches, for example, by carrying out field research to spe-
cifically address local needs, regardless of the context (i.e., high- or low-
income countries). Additional concerns revolve around the validity of the
SDGs’ metrics, as inconsistencies in data collection and definitions of
indicators remain prevalent (Mair et al., 2018; Swain, 2018).4
Nonetheless, the introduction of the SDGs has led to significant
advancements and success stories. For instance, in the context of SDG
17 — Partnership for the Goals, UN Human Rights, in partnership with
the Danish social enterprise Specialisterne, developed an Al algorithm to
enhance human rights analysis (OHCHR, 2021). This resulted in the
Universal Human Rights Index,’ a platform providing detailed informa-
tion on regional human rights issues and their linkages to the 169 targets
of the 2030 Agenda, which allows actors to find concrete and locally
specific solutions for SDG projects. This example showcases both the
utility of Al and a successful partnership within the SDG framework.°

B. The Synergistic Value of Partnerships

Multi-stakeholder partnerships represent a key resource for effective
SDGs implementation and resilient post-pandemic recovery. This is cap-
tured by SDG 17, the UN acknowledging that “[tJop-down, short-term,
single-sector approaches generally cannot deliver long-lasting impact —
the system is too complex” (UN DESA, 2020). Specifically, target 17.17
addresses multi-stakeholder partnerships, strongly encouraging cross-
sector and cross-environment collaborations. At a macro level, multi-
stakeholder partnerships represent a structural backbone of the general
SDGs framework (see Fig. 9.2) and provide an underlying structure to
advance all other SDGs. At a micro-level, the goals enhance action coher-
ence in a given domain (see Fig. 9.2). Merging the macro and micro
levels, it becomes evident that the added value of partnerships is

“For further reading on ideological perspectives on the SDG framework, see Bendell, 2022;
Neubauer & Calame, 2017.

> Universal human rights index — human rights recommendations (n.d.). Available at: hteps://uhri.
ohchr.org/en/

¢More SDG success stories can be found in UN’s Bringing Data to Life 2022 report. Available at:
hetps://unstats.un.org/sdgs/report/2022/SDG2022_Flipbook_final.pdf
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Economy

Society

I

Environment o ;

Fig. 9.2 Overview of the role of sustainable development goal 17 as the struc-
tural backbone of the sustainable development goals. (Note: adapted from UN
DESA (2020, p. 10))

synergistic: the result is greater than the sum of the parts, a concept cap-
tured as “Collaborative Advantage” and “Partnership Delta” in the UN’s
Partnership Guidebook which can be visualized in Fig. 9.3 (UN DESA,
2020, p. 34). The same report highlights ten benefits of partnerships (see
Fig. 9.4 for a summary of each). Finally, with an estimated funding gap
of 2.5 trillion per year (in addition to current expenditure) to meet the
SDGs by 2030 standing at USD (SECO, 2020), unlocking areas of
untapped potential in terms of novel partnerships and their pooled
finances is imperative.

C. System Mapping
A prerequisite to partnership formation is having a clear map of actors’

aligned interests. This alignment relies on the condition that all stake-
holders involved clearly communicate their activities, interests, and
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Action Incoherence - Actors engage  Action Coherence - Actors engage in
independently across sectors and goals. tandem across sectors and goals.

Fig. 9.3 Action incoherence versus action coherence. (Note: adapted from (UN
DESA, 2020, p. 12))
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Fig. 9.4 Overview of the benefits of partnerships. (Note: adapted from (UN
DESA, 2020, p. 35))
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objectives through unified SDG terminology, subsequently allowing for
easy identification of and connection with similar actors. However, lack
of visibility (especially for smaller agents), inconsistencies in the ways in
which SDGs activities are communicated about (e.g., vocabulary used),
and reliance on human-based search and connection-making constrain
the system’s ability to find aligned partners. To reduce current inefficien-
cies, data-driven methods can improve network visibility, diminish com-
munication inconsistencies, and forego reliance on human-initiated
searches, which are limited by the system’s complexity. Such methods can
also circumvent limitations caused by geographical disconnections and
language barriers (e.g., across countries or within a multilingual country),
further expanding the pool of possibilities for partnership formation.
However, for Al tools to work in this context, access to big digital data —
which is not uniform across the globe, a fact referred to as the global digi-
tal divide (i.e., between data-rich and data-poor countries) — is necessary.
This divide implies that data-driven approaches to finding aligned actors
currently work only in countries with extensive data availability and a
solid digital infrastructure.

9.3 The Landscape of Al for SDGs

Al for social good and sustainability is a rapidly expanding field provid-
ing algorithms for aiding, accelerating, and monitoring progress toward
sustainable goals (Palomares et al., 2021). Al’s contribution to the SDGs
(AI4SDG) can be categorized into two overarching strategies:

* AI4SDG-A’: using Al to develop solutions addressing SDG targets
(e.g., problem-solving, measuring impact),
* AI45DG-B: using Al to track and map SDGs coverage and progress in

a certain sector.

The first strategy (AI4SDG-A) benefits from extensive research efforts
to map various use cases for dissemination. McKinsey Global Institute

’For easier reference later in the text, we labelled the two distinct approaches with -A and -B.
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(2018) found 160 use cases across 10 SDG-related social impact domains
(e.g., crisis response, health, justice), yet not all domains receive equal Al
support. For instance, more than 29 use cases were found for SDG 3 —
Good Health and Well-being, while only four were related to SDG 16 —
Peace, Justice and Strong Institutions (for a non-exhaustive list of
examples, see Fig. 9.5). Importantly, with AI4SDG-A implementations
rising and expanding across the three major SDG domains (Economy,
Society, Environment), emerging evidence suggests that using Al for
SDGs is not always beneficial. Vinuesa et al. (2020) document that Al
can positively enable progress towards 134 out of 169 SDG targets while
simultaneously inhibiting the remaining 59 targets (primarily those
belonging to SDG 1 — No Poverty, 4 — Quality Education, and 10 —
Reduced Inequalities). Environment is the most positively impacted cat-
egory, with 93% of targets being enhanced by Al tools. In contrast,
society could see the most harmful effects (38% of targets exhibiting
negative interactions), partly due to biases in datasets (e.g., different
social groups being represented by more or less complete data). Both the
unbalanced coverage across sectors and the contrasting impact across tar-
gets are partially caused by the unequal data availability for each segment,
which also explains why Health and Environment are more covered com-
pared to Society (Google, 2019). As such, both because of biases and

Response

Wildlife

conservation e

Predicting plant it ' ) precipitation
disease Modeling

Autom
carbon

diagnoses e eartquakes)

Epidemic N Find missing

modelling people

Fig. 9.5 Examples of Al4 sustainable development goal use cases
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because of unbalanced data availability, Al is not currently adequate for
all SDG targets.®

Alongside AI4SDG-A, efforts are being made to track and map SDG
coverage and progress (strategy AI4SDG-B), providing a data-driven
panoramic view of SDG advancements, critical for monitoring and stra-
tegic planning purposes. Across sectors and goals, the consistency and
reliability of data on measured targets are uneven, creating a scarcity of
consistent information and impairing SDGs-tracking (Dang &
Serajuddin, 2020). Instead, what is common to all SDG projects are their
reliance on human-produced communication and reporting, generating
large quantities of easily traceable text. Natural Language Processing
(NLP) — a type of Al — facilitates large-scale text processing to extract
patterns of information, thus representing an ideal methodology for the
AI4SDG-B strategy to improve the traceability and quantifiability of
SDG activities greatly. It is important to mention that NLP AI4SDG-B
methods are not free of pitfalls and biases, given that they depend on
vocabulary specificity, which is not always precise nor consistent, in turn
impacting tracking reliability for different goals.

Regarding current state-of-the-art NLP methods for SDG tracing,
Wulff et al. (2023) proposed a robust labelling system that merges and
fine-tunes seven other systems trying to address their biases and false
positives.” Today, this tool represents the most comprehensive SDGs text
processing method and stands behind the analyses presented in Sect. 9.5.

A. Al 4 SDG17

The first 16 SDGs are traceable to different extents with NLP algo-
rithms across various bodies of text regardless of the text’s source (Wulff
et al., 2023). Despite advancements in mapping SDG coverage and a
good overall assessment of the first 16 SDGS, SDG 17 lacks specificity
and traceability. A potential cause is a lack of specific vocabulary used to
describe SDG 17, which impacts its classification. Parallelly, in the con-
text of AI4SDG-A (projects targeting SDG 17 itself), less than 5% of

8 For more information on the general role of Al in sustainability, alongside opportunities and chal-
lenges, see Kar et al., 2022; Nishant et al., 2020.

?'This labelling system is openly accessible through the text2sdg R package (Meier et al., 2021).
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projects in Oxford’s AI4SDGs database included a tag for SDG 17 (Nasir
etal., 2023), suggesting this goal receives less attention compared to oth-
ers. In sum, SDG 17 faces two challenges: (1) data-driven insights
addressing its advancement remain elusive due to insufhicient language
specificity, and (2) emerging evidence suggests it is less prioritized (at
least explicitly) in projects compared to other goals.

A novel Al approach used to map the interactive SDGs landscape and
propose optimized data-driven partnerships can potentially address both
issues. Despite the lack of an Al-driven strategy for SDG 17, efforts to
track and enhance partnerships do exist. Examples include the UN
Partnership Platform' — the most notable global registry of voluntary
commitments of multi-stakeholder partnerships, the SDG Platform, and
the AlforGood Network, among others.!" These platforms and registries
offer valuable resources for understanding existing types of partnerships,
insights into implemented projects, and the different contributions of
various stakeholders. Nonetheless, we identify limitations as well. The
UN’s Partnership Platform requires manual registration of already estab-
lished partnerships (thus being a retroactive registry) and does not feature
future-oriented recommendations regarding advantageous potential
partnerships. The reliance on human input and lack of future-oriented
applicability could be overcome through automated tools.

As discussed in Sect. 9.2, partnerships represent both the backbone
and the catalyzer for SDGs advancement through action coherence and
collaborative advantage. The lack of traceability, quantifiability, and opti-
mization surrounding SDG 17 impedes both progress assessment and
collaborative strategic planning. Consequently, an effort to quantifiably
measure multi-stakeholder partnerships needs to be developed in addi-
tion to already-existing NLP approaches, with implications for enhanc-
ing system mapping capabilities. This approach contrasts with a manual
and retroactive human registry of already established partnerships (e.g.,
the case of the UN Partnership Platform), expanding the possibilities to
identify relevant partners.

""https://sdgs.un.org/partnerships/browse

""Examples inclusive Sustainable Development Solutions Network, World Business Council for
Sustainable Development, SDG Impact Finance Platform, SDG Hub, SDG Pioneer Programme,
SDG Collaboration Platform.
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9.4 Philanthropy for the SDGs

Since the SDGs’ adoption, Philanthropic Organizations (POs) have been
playing an increasingly important role in supporting the advancement of
the 2030 Agenda, aligning their objectives, operations, and grant strate-
gies to the goals with the intent of accelerating their implementation. The
SDGs Philanthropy Platform (SDGPP) aims to help the philanthropic
sector meaningfully engage with the SDGs. It estimates the potential to
unlock USD 651 billion in philanthropic giving by 2030, contributing
to the current annual funding gap of USD 2.5 trillion (SECO, 2020).

Philanthropy’s relationship with the SDGs goes beyond financial con-
tributions (Charities Aid Foundation, 2019). While the SDGs provide
an important framework through which POs can align their work with
civil society, governments, and the private sector, POs” unique flexibility,
value-driven approach, and independence allows them to contribute to
the 2030 Agenda on multiple fronts (UN DESA, n.d.-a). As advocates,
POs can raise awareness of the importance of integrating SDGs in pro-
gramming efforts and the benefits of adopting a long-term focus. As
innovators and risk takers, they can test new ideas and attempt innovative
approaches, which is often not possible through traditional funding
sources (e.g., the case of private businesses), yet crucial to address the
interconnected and complex challenges of SDGs. Lastly, as impact driv-
ers, they can catalyze change in spaces unreachable by governments,
incentivize collective action, and lead the creation of multi-stakeholder
partnerships by providing funds to kick-start initiatives with the poten-
tial of attracting market capital.

As Sect. 9.2 exemplifies, SDG 17 embodies the international recogni-
tion of partnerships as a tool vital to accelerating SDG implementation
and highlights the urgent need to overcome barriers to collaboration.
POs, with their multi-level engagement and privileged position as inde-
pendent entities at the intersection of industry, government, and aca-
demia, are uniquely positioned to lead the formation of innovative
partnerships for the attainment of the SDGs. Whether partnering with
nonprofit organizations (NPOs), fellow POs, corporations or govern-
ment agencies, the act of merging resources to advance social well-being
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is a central feature of the history of POs and one increasingly recognized
as essential for effective philanthropy (Stanford Social Innovation Review,
2015). From the Rockefeller and Ford Foundations partnership to fuel
the Green Revolution in the twentieth century to the Vaccine Alliance’s
key partnerships with the Bill and Melinda Gates Foundation to support
mass vaccination programs and the more recent World Health
Organization (WHO) Foundation’s “Go Give One” campaign, examples
showcasing the leveraging power of philanthropic partnerships for devel-
opment are numerous. The SDGs, in particular SDG 17, have only rein-
vigorated this long-standing philanthropic tradition of collaboration
(United Nations Partnerships for SDGs platform, n.d.); after all, the
notion of partnership is not new to the philanthropic sector. Nonetheless,
among the multiple actors involved in advancing the SDGs, POs are
those leveraging the power of partnerships the least. Today, only 0.7% of
UN-registered SDG partnerships involve POs (UN DESA, n.d.-b).
Moreover, multiple efforts have facilitated philanthropic partnerships.
An example is the SDGPP 2.0, a partnership between the UN
Development Program (UNDP) and Worldwide Initiatives for
Grantmaker Support (WINGS), which aims to revitalize efforts to
“cataly[z]e and unlock philanthropy’s potential through multi-stakeholder
partnerships” (SDG Philanthropy Platform, n.d.). While valuable in
mobilizing big philanthropic capital, these large-scale initiatives do little
to leverage smaller POs’ potential adequately.'? Specifically, while well-
established foundations (e.g., the Bill and Melinda Gates Foundation)
possess the financial resources, visibility, and network connections neces-
sary to leverage partnerships’ synergistic power successfully, smaller non-
profit actors often do not. As a result of this gap, the potential of these
smaller POs remains untapped. This untapped potential particularly
impacts the implementation of local-level SDG targets and minority
causes, as these smaller actors are characterized by a unique local perspec-
tive and bottom-up approach, embodying the very essence of the SDGs’

2 Community foundations (CF) represent an example of a small philanthropic actor. Despite the
different operational approaches taken by CF in different geographies, what unites their efforts is
the proactive stance to bring the SDGs to the local level. Specifically, when it comes to the SDGs,
the work of community foundations revolves around three core elements: alignment (local and
national), dissemination of education and tools, and fostering community engagement.
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mantra “leave no one behind.” It is crucial to allow these actors to capital-
ize on “collaborative advantage” and “partnership delta,” with the NLP
network mapping approach presented in Sect. 9.5 being an essential step
in this direction.

Notably, POs are not the principal stakeholders advancing sustainable
development. On the contrary, they are part of a wide ecosystem com-
prising private and public companies, governments, international organi-
zations, and civil society organizations (CSOs). Indeed, the SDGs have
enabled diverse stakeholders to act, leading to success stories and projects
contributing to the estimated annual USD 3.3 to 4.5 trillion needed to
achieve the SDGs by 2030 (UNSDG, 2018). Despite the “noise” sur-
rounding many of these SDGs stakeholders, examples of and insights on
the philanthropic sector’s targeted efforts towards the SDGs remain lim-
ited, despite POs representing a valuable player in the SDGs ecosystem.

A. Case Study on Swiss Philanthropy

Swiss philanthropy represents an ideal context to study the use data-
driven methods for SDGs-partnership recommendations. Home to a
philanthropic sector that generates a positive annual net growth of
approximately 1% and counting over 10,000 active foundations within
its territory, Switzerland has been building a strong philanthropic tradi-
tion (Eckhardt et al., 2020). As rankings demonstrate, the country’s
strong economy, political stability, and legal frameworks for foundations
contribute to the sector’s growth. Within the European context, in 2021,
Switzerland ranked 6th in the number of foundations and 5th in terms of
POs by population (Philea, 2021). At the international level, metrics
have indicated how Swiss philanthropy extends its action well beyond its
borders, scoring 4.75/5 in the Global Philanthropy Environment Index
(Indiana University Lilly Family School of Philanthropy, 2018) and
4.5/5 in the Philanthropic Environment Cross-Border Flows score
(Indiana University Lilly Family School of Philanthropy, 2020). Notably,
Switzerland also hosts multiple UN offices, financial institutions, and
other nonprofit organizations, creating an environment favorable to
forming multi-sector partnerships for SDG acceleration.



188 M. C. Tudor et al.

Despite Switzerland’s vibrant philanthropic sector and commitment to
the SDGs, creating successful philanthropic partnerships is a complex
task, particularly for smaller POs. Failure to align priorities, limited
knowledge of the market and area of intervention, and mismatched com-
munication’ are only some of the elements hindering the philanthropic
sector’s ability to fully capitalize on the benefits of partnerships. To this
end, our work develops an open-access digital tool that relies on NLP
techniques allowing for a dynamic inspection of the multi-level com-
plexities of the Swiss philanthropic landscape.

9.5 Mapping SDG-Alignment of the Swiss
Philanthropic Ecosystem

Aiming to develop a novel Al methodology tailored explicitly to uncover-
ing POs” SDG 17 potential, we matched text data from 10,755 Swiss
philanthropic organizations (equally referred to as nonprofits or NPs
hereafter) to SDG lexicons. Additionally, we performed the same for
Swiss public companies (for-profits, FPs hereafter) listed on the Swiss
Stock Exchange to compare NPs and FPs ecosystems and investigate
whether there are any structural differences between the connectivity of
the two sectors. To this end, we fed mission statements (hereafter MSs) of
NPs and annual reports (hereafter ARs) of FPs into an NLP algorithm for
SDG labelling (Meier et al., 2021), then we connected organizations to
SDGs based on matching text using network-based Machine Learning.
Given their shared SDG alignment, we identify potential connections
between within-sector actors. Overall, this approach constitutes a new
AI4SDG-B methodology to paint a landscape of sector-specific SDG
alignments and strategies. It serves both as an intuitive partnership
matcher within current sector dynamics and as a potent tool for propos-
ing alternative partnership modalities to align heterogeneous stakehold-
ers based on their SDG relationships.

13The presence of three official languages in Switzerland - German, French, and Italian - may rep-
resent a language barrier limiting communication amongst different cantons.
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A. Results

SDG labelling results indicate that only 4% of Swiss NPs use SDG
vocabulary in their MSs (see Fig. 9.6a), while 60% of public FPs com-
municate with SDG-aligned vocabulary in their ARs (see Fig. 9.6b). For
those NPs and FPs using SDG vocabulary, only 2.2% of the entire word
sample for each sector matched SDG language (see Fig. 9.6a, b). These
observations reveal that, in Switzerland, although the philanthropic sec-
tor is less SDG-centric than public companies, sustainability-oriented
messages represent a small fraction of their reporting (i.e., vocabulary
coverage) for both types of organizations.

As previously mentioned, Al efforts to track and map SDG coverage
and progress (strategy AI4SDG-B) depend on NLP tools, which have
inherent limitations when vocabulary coverage is low. Mapping SDG 17
proved particularly challenging in previous efforts (Wulff et al., 2023) as
well in our sample. We find that, out of the matched SDG words (535 for
NPs and 478 for FPs), a staggering minority were connected to SDG 17
(2.4% for NPs and 2.9% for FPs). Thus, instead of mapping language
specific to SDG 17 itself (which would show which organizations already
consider partnerships in their activities), we sought to understand how the
remaining SDGs interact as a proxy for mapping possible partnerships.

To obtain a landscape view of how each sector is organized around
SDG achievement and discover to which extent analyzing shared SDG
communication could constitute a fruitful strategy for finding potential
partnership alignments, we built bipartite networks for each sector. This
task entailed connecting each actor (NPs and FPs independently) to one

A.Non-Profit Sector (NP) B. Public For-Profit Sector (FP)
Sample coverage Sample coverage

0 G
Vocabulary coverage Vocabulary coverage

§22% §22%

Fig. 9.6 Sample and vocabulary coverage in the non-profit and for-profit sectors
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or multiple SDGs based on the words they use in their MSs or ARs, map-
ping all existing links (see Fig. 9.7a, b).

This approach proved both visually insightful and analytically promis-
ing for understanding the status of SDG alignment and the potential for
SDG partnerships in both sectors. The NP network presents less SDG
connectivity than the FP network, as shown by network density (level of
network interconnectivity) (0.08 and 0.19, respectively, per Fig. 9.7a, b),
highlighting the two sectors’ different sustainability approaches. More
precisely, NPs are preferentially connected to one specific SDG (cluster
organization), as opposed to FPs, which tend to form intricate inter-SDG
webs (network organization). Concerning links to SDG 17 itself, very
few NPs and FPs are directly connectable to it (1.1% and 3.5% respec-
tively), gesturing concomitantly at two explanations: (1) the challenge to
track partnerships solely using NLP; and, more importantly, (2) that the
present stakeholders might not value nor consider the importance of
partnership in their activities in the first place (and thus not use words
related to it in their communication).

To further understand the nature of each sector’s SDG engagement,
we explore the potential of each (NP and FP) to engage in uni- or

B. FP
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Fig. 9.7 Sustainable development goals network connections of the non-profit
and for-profit sectors
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multi-dimensional SDG contributions. The data showed that 73.6% of
analyzed NPs align to a single goal (see Fig. 9.8a), while the inverse is true
in the FP sector, with 71.4% of organizations being connected to multi-
ple SDGs (see Fig. 9.8b), reflecting the resulting pattern already shown
by network density analysis. Interestingly, the single-SDG nature of NPs
could indicate that POs have narrower purpose schemes, but these do not
necessarily hamper their potential for SDG partnership formation.
Indeed, two types of partnerships are needed to attain SDG 17: intra-
and inter-SDG, i.e., within single-SDG collaboration and between mul-
tiple SDG collaborations. As Figs. 9.7 and 9.8 show, NPs secem to be
better suited for intra-SDG partnerships, allowing for focused and deep
SDG action and collaboration (based on cluster organization). In con-
trast, FPs appeared to adopt a more inter-SDG approach and could be
better at designing work plans and engaging in partnerships that tackle
several SDGs simultaneously (based on network organization).
Importantly, the uneven SDG alignment profiles and connectivity strate-
gies of NPs and FPs, likely reflective of the inherent characteristics of each
sector (resources, target populations, etc.), suggest the existence of differ-
ent strategies afferent to each sector for tackling sustainability matters,
also implying that different stakeholders can fulfil multiple SDG roles.
Understanding the SDG strategies of each sector is fundamental to effec-
tively leveraging SDG 17. As such, the insights derived from this approach

can guide each sector to establish partnerships in accordance with their

A. Non-Profit B. For-Profit

P

@ organizations connected to a single SDG
@ organizations connected to multiple SDGs

Fig. 9.8 Aggregate percentage of single- vs multi-sustainable development goals
connection for each organization by sector
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current SDG strategies and propose alternative ways of collaboration dif-
ferent from each sector’s default. In both scenarios, network analysis
could be instrumental in identifying advantageous connections.
Focusing hereafter on POs, we illustrate our proposed methodology’s
capacity for identifying precise partnership suggestions. For simplicity,
and to demonstrate the point, we chose SDG 3 — Good Health and Well-
being as our primary focus, given it is the most richly connected goal.
Consistent with previous findings, an SDG 3-focused analysis indi-
cated that most NPs are single SDG-oriented (67.5%, Fig. 9.9a). The
network structure visually showcases the SDG 3 community and poten-
tial paths for collaboration (see Fig. 9.9b). The light-green network rep-
resents those organizations that only connect to SDG 3 and could join
forces for a unique purpose. In contrast, the dark-green network portrays
actors who could collaborate on multiple targets given their multi-SDG
connectivity. Importantly, similarly with the higher network density of
the FP sector, the SDG 3 NP landscape seems to be in the developing

stages of higher inter-network ramifications compared to other goals.

@ SDG nodes (except SDG 3)

® NPs not connected to SDG 3 — SDG connections between non-SDG3 nodes
® NPs connected to SDG 3 only —SDG conn. between ® and SDG 3 node (2£)
® NPs conn. to SDG 3 & others = SDG conn. between @ B and any @

Fig. 9.9 Intra- vs inter-sustainable development goal 3 nonprofit network con-
nections. (Notes: A. Proportion of NPs aligning to SDG 3 both uniquely (light
green) or in combination with other SDGs (dark green); B. Network highlighting
connections of SDG3 aligned NPs)
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This result implies that NPs could adapt their activity and partnership
strategies to increase overall network connectivity.

While the network view facilitates a rapid overview of the SDG 3 cen-
tric NP landscape, to further identify precise multi-SDGs partnerships
with SDG 3 as a common goal, we analyzed the most frequent co-
occurrences of SDGs combinations (see Fig. 9.10). The results show that
common co-goals include, for example, SDG 2 — Zero Hunger and SDG
16 — Peace, Justice, and Strong Institutions, expanding the possibility of
engaging in inter-goal sustainability projects.

B. Discussion
This methodological and analytical approach is a starting point for

considering the role of Al beyond SDG solutions (i.e., approach
AI4SDG-A) and into Al solutions for SDG coverage (AI4SDG-B). We

17 - PARTNERSHIPS FOR THE GOALS

i

@?ﬂﬁ |
1

p=——4 Contactions F. - Beria Furrer F. - ProCare F. - Tixi Sauliamt F,
| -1

o)

=l

e
—_— ——

SDG 3 centric NP partnerships potential

un

Fig. 9.10 Schematic of most abundant non-profit sustainable development goal
3-centric potential partnerships links. (Notes: 1 — intra-SDG potential connections,
i.e., NPs connected to just SDG3 (from Fig. 9.9 - light green). 2 — dual inter-SDG
connections, e.g., between SDG 2 and 3. The text in line exemplifies a few of the
many foundations that share SDG 2 and 3 in their vocabulary. 3, 4, 5 — inter-SDG
connections between more than two goals (3, 4, 5 respectively). Horizontal lines —
connections between SDG 3 and other SDGs. Vertical lines — foundations that are
connected to SDG 3 and share another SDG (e.g., SDG 2) also present partnership
potential (grey dashed line))
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present an Al approach for discovering new action plans for Partnership
Formation (SDG 17) within a single goal (intra-SDG) or multi-goal
(inter-SDG).

Mapping the SDG alignment of the Swiss philanthropic ecosystem led
to several insights into its status with the broader philanthropic network
and within the for-profit sector. These insights stand to inform partner-
ship formation towards SDG achievement both by POs independently
and in collaboration with FPs. We find that the philanthropic ecosystem’s
SDG network connectivity is low, making space for beneficial data-driven
partnership suggestions. Additionally, Swiss NPs appear to have action
strategies mainly focusing on a single SDG (see Fig. 9.8a), although
inter-SDG foundations exist and could act as bridges. Finally, focusing
our data exploration on understanding SDG 3 philanthropic alignment,
we discovered network patterns indicating potential bridging points for
uniting forces on SDG 3 and with other SDGs (see Fig. 9.10).

Of particular interest, the NP sector rarely describes itself in the sus-
tainability lexicon, given that only a minority of organizations use SDG
vocabulary in their MSs (4%, Fig. 9.6a), and even when they do, only
2.2% of the total text represents SDG words. This lack of SDG terminol-
ogy use could constitute an entry-level problem for foundations to dis-
cover each other’s SDG alignments and impede partnership formation.'
Consequently, Al systems based on NLP mapping on their main descrip-
tions and MSs might not always be the optimal approach for accurate
mapping. However, it still represents an improvement compared to the
baseline.

Future Al directions should go beyond NPs MSs and explore, for
example, the specific missions they are executing by considering their
specific activities. This higher resolution of specific activity domains
would lead to project-specific partnership suggestions. However, few POs
systematically report their specific activities, even less so in a vocabulary
that matches the SDG lexicon. A change in communication paradigm
and efforts to align and standardize communications, both within and

Tt is also possible that the Swiss philanthropic ecosystem isn’t necessarily geared towards sustain-
ability more generally. However, in a parallel analysis we ran on NP and FP communication con-
tent, generally the primary message they deliver centers on an SDG-aligned purpose.
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beyond philanthropy, would greatly enhance NLP efficiency; a necessary
first step would be to foster digitization and action reporting among POs
(as of today, only 30% of POs have websites"). Lastly, POs could adopt
similar strategies as FPs, not just by increasing SDG-specific communica-
tion, but also by incorporating SDG target metrics (e.g., as up to 40% of
FPs provide those (GRI, 2022), whereas the same cannot be stated
for POs).

Opverall, this NLP approach represents a cost-efficient and automated
system mapping of SDG stakeholders (in this case, applied in the context
of Swiss nonprofits), based on which finding and building multi-
stakeholder partnerships with aligned actors can be greatly facilitated.
Whereas this chapter maps the NP and FP sectors independently for
comparison purposes, it can be equally applied at the intersection of mul-
tiple sectors to find cross-sector collaborations, fully embodying target
17.17’s aim.

A. Methods and Limitations

The data sources for the analysis'® consist of mission statements (MSs)
from 10,755 NPs and annual reports (ARs) from 231 FPs listed on the
Swiss stock exchange. Text was collected from organizations’ websites or
online databases. To map SDG content in text data, we used the text2sdg
R package (Meier et al., 2021). This approach successfully mapped 4% of
10,755 NPs (432) and 60% of 231 FPS (140), sample used for subse-
quent analyses. The innovative aspect of this approach to specifically aid
SDG 17 through Al is brought by network analytics (see Figs. 9.7, 9.9,
and 9.10), which allows for SDG partnership potential system mapping
and intuitive visualizations of SDG-matched actors.

While bypassing several methodological limitations brought by SDG
classification systems, namely for tracking SDG 17, this proposed ana-
lytical approach inherits the SDG mapping and classification biases
intrinsic to the training data used in text2sdg (Meier et al., 2021). In

' Analysis performed on our scraped data sample, from the Stiftungschweiz repository (https://
stiftungschweiz.ch/)
'¢The full methodology and its limitations, alongside the code used and output data, can be found

at https://osf.io/vr5j7
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addition, the datasets for NPs and FPs are unequal — there is a bigger NP
sample size and there are differences in text length between MSs and ARs.
However, our results do not reflect potential biases caused by such dataset
imbalances given that the larger sample of NPs did not result in a denser
network, and the smaller size of MSs’ text length did not result in a dif-
ferent vocabulary coverage. Secondly, using MSs could bias results due to
their permanent nature — they are formulated at the creation point of a
NP and are rarely updated. To account for this possible lexicon limitation
between pre- and post-2015 MSs (timestamp of SDG formulation), we
compared the sample coverage of foundations created only after 2015
with the entire sample without finding significant differences (Sample
Coverage of 5.4% post-2015 compared to 4% for the whole sample),
indicating the overall reliability and utility of this approach independent
of the permanent MSs’ nature. Lastly, the current approach does not
account for all fundamental factors determining successful partnerships,
e.g., human dynamics or value structures. Overall, this research consti-
tutes proof-of-concept work laying the foundation for Al-based
partnership-recommendation systems.

9.6 Risks of Al in Philanthropy and SDGs

Despite POs’ early and continued investment in AL the relationship
between the two is somewhat paradoxical. While POs are important
funders of Al, with contributions to Artificial Intelligence, Machine
Learning, and Data Science technology (AIMS) philanthropy amounting
to USD 2.6 billion in 2021, the extent to which POs adopt the technol-
ogy remains limited (Herzog et al., 2021). The underuse of Al in the
nonprofit sector is widespread, as the sector continues to possess one of
the lowest Al usages (Google, 2019; Herzog et al., 2021). The limited
knowledge and use of Al, especially amongst smaller POs, translates to

"7 Philanthropy played a key role in the initial development of AL In 1956 the Rockefeller founda-
tion gave a grant of USD 7’500 to support a conference in Dartmouth, US, now widely recognized
as the birthplace of modern AI. Moreover, the first recorded usage of the term “Artificial Intelligence”
can be found in a grant application that was made for the conference (Rockefeller Philanthropy
Advisors, 2019).
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these actors operating below their full potential, including supporting the
SDGs. Al can play an essential role in enhancing POs’ contribution to
the SDGs, both in terms of SDG targeting (AI4SDG-A) and SDG cover-
age (AI4SDG-B). As such, uncovering why POs remain hesitant to adopt
Al and providing tangible risk-mitigation efforts is necessary to contrib-
ute to the sector’s digitalization and the overall SDGs advancement. For
instance, in the Swiss philanthropic ecosystem, over twelve different con-
cerns were raised by POs, among which data privacy, Al explainability,
corruption detection, and job displacement (Della Giovampaola et al.,
2023), however most of those concerns remain without adequate risk
mitigation plans in place.

Multiple issues are halting POs” decision to integrate Al into their sys-
tems and operations. Firstly, given the largely for-profit nature of the tech
sector, most Al software is designed to extract maximum profit from digi-
tal data. Often this entails the collection and the long-term holding and
handling of digital data. Such practices, particularly in vulnerable human-
itarian settings, can be dangerous and lead to discrimination, polariza-
tion, and what has been referred to as “techno-colonialism” (Madianou,
2019). Buolamwini and Gebru (2018) and Whittaker et al. (2019) show,
respectively, how commercially available facial recognition algorithms are
less accurate in their recognition of women with darker skin tones and
have greater difficulty in the identification of people with disabilities
when these individuals use assistive technologies, such as wheelchairs.
The lack of diversity in training datasets is part of the cause. This lack of
diversity, in turn, can increase inequality within societies, having a large
impact on peace (SDG 16) and stability (SDG 17) (Gupta et al., 2021).
Cyber-attacks and data breaches, which are often directed at humanitar-
ian organizations (such as the 2022 cyber-attack conducted against the
International Committee of the Red Cross (ICRC, 2022)), further
heighten these risks. As such, “collect little and destroy as soon as possi-
ble” is seen as a far more suitable modus operandi for safeguarding sensi-
tive data (Bernholz & Reich, 2017). However, creating and managing
such tailored infrastructure requires vast resources mostly unavail-
able to POs.

Available data quality is another main issue. Databases of POs’ activi-
ties and strategies are frequently unavailable, incomplete, inaccurate, and
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contain irrelevant data (known as “data deserts”). These shortcomings
can severely hinder POs’ ability to leverage Al's power and can heighten
bad practices in worst-case scenarios (Kanter & Fine, 2020). Decision-
making informed by ill-adapted Al technologies can dangerously mag-
nify and reinforce pre-existing inequalities and biases (O’Brien, 2022).
This increase in inequality can heighten exclusion and discrimination,
particularly against minority groups, countering the overall objective of
the 2030 Agenda of a more equitable and sustainable world. Uneven data
availability also widens the gap between unequal levels of support pro-
vided to different SDGs. For example, the increased use of Al to address
health (SDG 3) and climate issues (SDG 13) is, in part, due to the vast
amount of data available, as opposed to Peace and Justice (SDG 16), an
issue area more complex to capture with data (Google, 2019). Given this
SDG data gap, POs may focus primarily on issues benefiting from suffi-
cient data availability to ensure adequate impact. Overall, data collabora-
tives and comprehensive outcomes represent timely yet efficient solutions
to address the problem of “data deserts” (Kanter & Fine, 2020).

Even before being treated, digital data presents multiple difficulties.
Data ownership, data quality, and data type (i.c., sensitive or personal
data) are some of the most recurring issues. Philanthropy is centered
around the voluntary giving of private resources, whose ownership is
largely clear and undisputed. By contrast, digital data is contested prop-
erty (Bernholz & Reich, 2017). Who is the “true” owner? The person
whose information is involved, the company providing the software col-
lecting the data, or the platform on which the data is collected? Despite
the question of data ownership remaining unanswered, the phenomena
of “data philanthropy”'® — the donation of data from private companies
for socially beneficial purposes — and “data-raising” — efforts to get people
to give their data for a cause — are gaining traction (Bernholz, 2021; Lev
Aretz, 2019; Taddeo, 2016, 2017).

Even if unintentional, divulgating misinformation is another important
yet often overlooked risk that may derive from using Al to address social
problems. Many factors may fuel the production of misinformation,

'%The term was reportedly coined by World Economic Forum CTO Brian Behlendorf during a
spontaneous conversation at the 2011 World Economic Forum (Lev Aretz, 2019).
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including language and biases, particularly as these technologies are pri-
marily developed and fabricated in the “Global North.” Misinformation
generated by human-machine communication can be at odds with the
widely respected humanitarian imperative of “do not harm” and raises
important issues around responsibility and supervision. Moreover, one
must not forget that Al needs to experiment to learn. In the humanitarian
sphere, this may again be severely at odds with the “do no harm” principle,
leaving the use of such technology at a crossroads (Coppi et al., 2021).

In addition to these more tangible risks, POs also raise ethical concerns
when discussing their reluctance to incorporate Al. Despite the multiple
ethical frameworks and principles for Al proposed in the last decade, much
disillusionment appears to surround these frameworks, and POs question
their adequacy in catering to the needs of the nonprofit sector. One impor-
tant step to boost the sector’s confidence in Al is greater “explainability” of
algorithms, also known as “explainable AI”, to target algorithmic opacity
(Coppi et al., 2021). Additionally, incorporating Al in a sector that, since
inception, revolves around human welfare may have a vaster impact. The
sector’s resistance to Al may not only derive from the limited knowledge
and resources available to operate this technology, but also from a fear of
alienation. The delegation of tasks from humans to machines can be seen
as unnatural and inadequate by many sector professionals, who may view
it as diluting their efforts. Sharing successful case studies and establishing
adequate frameworks to strengthen transparency and accountability in the
use of Al in humanitarian contexts might attenuate this fear.

It is hard to predict the positive and negative impact that technology
can and will have on philanthropy. However, what cannot be ignored is
how technology democratizes philanthropy. By increasing the connectiv-
ity between the receiver and the giver, improving efficiency and transpar-
ency, and widening operations reach, Al has much to offer to the
philanthropic sector and vice versa. Moreover, when considering the risks
that may accompany the incorporation of Al in POs, one must not forget
that the underuse of Al can also be considered a misuse in itself (Floridi
etal., 2018). The tool presented in this chapter aims to provide a risk-free
alternative on how technology can be an SDG achievement enhancer.
Specifically, it seeks to initiate and enhance an agent’s ability to identify
and visualize possible aligned actors to enhance partnership visibility. The
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tool itself does not present any inherent risks or dangers, as it does not
handle sensitive data and does not aim to provide an AI4SDG-A type
solution with ethical implications for human or planetary well-being
(e.g., an algorithm predicting cancer subtypes with evident consequences
for human health). Instead, it makes use of public data, and no inherent
risks caused by possible data biases can be identified, with the main con-
sequence of biased “word-classifiability” being that some potential part-
nership connections will not be identified.

9.7 Conclusion

This chapter approaches sustainability using the SDG framework, engag-
ing in a balanced discourse of the framework itself, followed by the cru-
cial yet underleveraged role of SDG 17. We present the landscape of Al
for SDGs, focusing on Al for SDG 17. We also highlight the crucial role
of POs as value-driven players engaging in promoting activities geared
towards SDG attainments and emphasize small POs as underrepresented
actors. A conclusion of the chapter’s findings is presented in Fig. 9.11.

Together, an underleveraged goal and a set of underrepresented actors
present significant growth potential. We focus on Swiss philanthropic
organizations to illustrate how an AI NLP tool can be used to uncover
potential partnerships among NPs and FPs, illustrating the role of Al for
SDG 17 itself — method which is translatable in other national or inter-
national contexts both in non-profit and for-profit ecosystems. Overall,
the untapped growth potential can be uncovered through this network
mapping approach, which helps connect stakeholders with SDGs. This
cost-efficient approach increases the visibility of aligned actors in a com-
plex system, for which partnership potential would otherwise be more
difficult to trace. Lastly, we present a general overview of possible risks
associated with Al in the context of POs, while noting that this specific
AI4SDG-B approach we propose does not present any inherent risks.
Future work could examine how action purposes, moral values, or target
populations influence SDG alignment, which could inform potential
partnerships based not only on shared interest alignment but also on
other factors, leading to a multi-dimensional integrative approach.
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Sustainability \ Philanthropy
SDG Landscape of The role of
Framework Al 4 SDGs Philanthropy for SDGs
SDG 17 as Al 4 SDG solutions vs. Small POs as
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Sector
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Use Case of Al at the Intersection of Sustainability & Philanthropy

> AINLP tools for network System Mapping on the swiss non-profit sector.
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Fig. 9.11 Visual chapter summary
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The Potential Role of Artificial
Intelligence in the Commercialization
of Traditional Medicines in Tropical
Regions

Robert Brian Smith, Mark Perry,
and Darryl Robert Smith

10.1 Introduction

Indigenous and other local marginalized communities could sustainably
harvest thousands of species of tropical plants for incorporation into
pharmacological, traditional, and complementary medicines (T&CM).
In 2019, the annual global pharmacological medicine market was
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estimated to be worth about USD 1.1 trillion (Calixto, 2019). Around
35% of pharmaceutical medicines were sourced directly or indirectly
from natural products. Of these, around 25% are derived from plants,
13% from microorganisms, and roughly 3% from animals. Therefore,
naturally derived products are a critical resource for the development of
new medicines.

For such an initiative to be effective, the identification of potentially
useful plants, their harvesting, and commercialization requires assistance
from development partners, universities, and non-governmental organi-
zations (NGOs). The issue is that the information on tropical plants and
their efficacy as treatments and cosmetics is not readily accessible. A sig-
nificant impediment occurs when plants are investigated without any
efficacy being found, as there are few incentives to document negative
findings. A lack of accurate and readily available information can result in
the misallocation of scarce resources and the duplication of efforts.

There are continuing initiatives such as those of the Association of
Southeast Asian Nations (ASEAN), including the ASEAN Centre for
Biodiversity Traditional Knowledge Digital Library (ASEAN Centre for
Biodiversity, 2019) and the ASEAN Herbal and Medicinal Plants (Ali
et al., 2010; Sukmajaya et al., 2017). Other initiatives include Herbs ¢
Natural Supplements: An Evidence-based Guide (Braun & Cohen, 2015),
YaTCM (Yet another Traditional Chinese Medicine database), a free web-
based toolkit (Li et al., 2018), and Womens Knowledge: Traditional
Medicine and Nature — Mauritius, Reunion and Rodrigues (Pourchez,
2017). However, current global and regional initiatives are hindered by
the fact that biodiversity information is held by various institutions and
recorded in different structures and dialects.

The World Health Organization (WHO) has noted that developing
countries in South and Southeast Asia do not often have the staff needed
to carry out pharmacovigilance of pharmacological medicines, let alone
traditional and complementary medicine (T&CM) (Suwankesawong,
2019). The European Commission (2023) defines pharmacovigilance as
“the process and science of monitoring the safety of medicines and taking
action to reduce the risks and increase the benefits of medicines.” The
process includes collecting and managing safety issues, examining data to
detect any new or changing safety issues, evaluating data to identify safety
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issues, proactive risk management, protecting public health, communi-
cating with stakeholders (including the public), and the audit of the out-
comes and processes.

In the countries of South and Southeast Asia, staff shortages also mean
that databases are incomplete, and information on the efficacy and
contra-indications of medicines is often lacking (Suwankesawong, 2019).
Project-based initiatives often have limited information because of issues
with project design. At the regional level, information sharing, particu-
larly regarding species location, is often purposely not made available in
order to hinder poaching and other illegal activities. Southeast Asia con-
tains 20% of the planet’s vertebrate and plant species and is home to the
world’s third-largest tropical forest. Additionally, this region has some of
the highest deforestation rates on the planet and direct over-exploitation
of species. Even when forests remain intact, they are steadily emptied of
their biodiversity through hunting.

This chapter investigates the issues associated with developing tradi-
tional and complementary medicines and the role that Al might play. It
addresses the challenges associated with identifying promising medicinal
plants to be commercialized in a sustainable fashion. To overcome this
challenge, the associated traditional knowledge must be protected, as
must forest resources. The chapter then provides examples of existing
sources of information for search by Al and how Al has been utilized in
the pharmaceutical industry. We then define a role for Al and discuss the
proposed data model and its associated obstacles and opportunities.
Finally, the chapter concludes with a discussion and recommendations
for future studies.

10.2 Sustainability Challenges
with Developing Traditional
and Complementary Medicines

Artificial intelligence (AI) has the potential to identify promising plants
that could be utilized to produce efficacious traditional medicines for
commercialization by marginalized communities. With proper support
from Universities, NGOs, and other extension services, products could
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be developed and marketed to the broader community (see, for instance,
Smith and Smith (2023); Smith and Perry (2023a)). Marginalized com-
munities would then be able to improve their standard of living and
become more sustainable. Community members would be involved in
the collection of plants from the forest and, ideally, in developing their
own land to cultivate the target plants. They would also be involved in
the production and commercialization process.

Preserving traditional knowledge has become a critical sustainability
issue. In their study of African Traditional Herbal Medicines (ATHMed),
Devine et al. (2022) argue that “knowledge on these African traditional
herbal medicines is gradually being lost if not lost already” (Devine et al.,
2022, p. 11). Of major concern is that their preparation and administra-
tion is often based on the transfer of knowledge which is often word of
mouth and poorly documented. This can result in poorly trained
ATHMed practitioners, with limited knowledge of the treatment pro-
cess, administering poor medication. The potential for patient having a
negative response to their medication is high (Devine et al., 2022, p. 11).
Furthermore, a study of the protection and promotion of traditional
knowledge of marginalized communities from a legal perspective by
Smith and Perry (2023b), which focused on the countries of Southeast
Asia, concluded that the provision of an intellectual property framework
must be supported by legislation which protects traditional knowledge
and sets the framework for its promotion and commercialization. In
addition, regulations and codes of practice must be developed to address
issues such as good manufacturing practices (GMP), product safety,
advertising, and trade practices.

In terms of establishing a legal framework, the World Intellectual
Property Organization (WIPO) (2023) explains that “traditional knowl-
edge as such — knowledge that has ancient roots and is often oral — is not
protected by conventional intellectual property (IP) systems.” Innovative
products based on traditional knowledge may be able to be protected
using patents, trademarks, geographical indications, or as a trade secret or
confidential information” (WIPO, 2023). We consider geographical
indication protection the best option, provided the product has unique
properties due to its location.

The third pillar of the sustainability paradigm is the sustainability of

forest resources. This issue is far more complex as marginalized
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communities seek to survive in a competitive world. Major initiatives
would need to aim to allow local communities to benefit from their par-
ticipation in the commercialization process without adding to the global
loss of more than 13 million hectares of trees per year (Rainforest Alliance,
2023). For instance, Robinson and Raven (2019) give the example of
how the Berber (Amazigh) women in Morocco have developed a “boom-
ing” international demand for skin and hair care products containing
Argan from the Moroccan Argan tree (Argania spinosa) which is endemic
to Morocco and has been used for nearly 1000 years. Women’s coopera-
tives have been developed, and the women have benefited from infra-
structure development, improvements in product quality, product
development, and benefit-sharing agreements with developers from the
cosmetic and skin care industries.

The challenges outlined above present a particular set of variables. We
question how Al can be leveraged in data collection and analytics to miti-
gate these challenges and what possible sources of information and data
can be collected using Al.

10.3 Examples of Sources of Information
on Traditional and Complementary
Medicines

There are three primary purposes for the collection of data on traditional
and complementary medicines:

(1) pharmaceutical companies seeking to exploit available knowledge to
identify plants that could be utilized in the development of pharma-
ceutical products, providing cures for ailments and diseases in
humans and animals which can be commercialized for their financial
benefit;

(2) governments and organizations seeking to ensure that traditional and
complementary medicine products are accurately documented and
registered so that the prior rights of traditional knowledge can be
recognized when patent applications are lodged for a particular com-
pound or process; and
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(3) organizations collecting and recording traditional knowledge related
to T&CM products so that local communities can commercialize
products to assist in developing their communities.

The Traditional Knowledge Data Library (TKDL) of India was explic-
itly developed as a tool to prevent the biopiracy of traditional knowledge
(Council of Scientific & Industrial Research (CSIR), 2023). The source
of this traditional knowledge is existing literature in local languages such
as Sanskrit, Urdu, Arabic, Persian, and Tamil. The data, converted into
digitized format, is available in English, German, Spanish, French, and
Japanese. The information is classified according to a comprehensive
Traditional Knowledge Resource Classification (TKRC) developed by
the CSIR. The TKDL database comprises around 424,000 formulations
and practices. Data can only be accessed by patent assessors worldwide,
as they determine whether a patent application covers products or pro-
cesses in the public domain. The aim is for such patent applications to be
denied rather than undertaking the costly process of revoking a patent.

As noted above, the Association of Southeast Asian Nations (ASEAN)
actively promotes the protection and promotion of traditional knowl-
edge amongst its ten member states. Significant initiatives include two
compendiums describing herbal and medicinal plants within the ASEAN
region in which plants are reported by country (Ali et al., 2010; Sukmajaya
etal., 2017). Each entry includes a photograph, scientific name, vernacu-
lar names, brief plant description, propagation method, geographical dis-
tribution/ecology, chemical constituents, reports on medical usage (i.e.
uses supported by experimental/clinical data; uses in traditional medi-
cine), contraindications, and a bibliography. Subsequently, ASEAN
developed a Traditional Knowledge Digital Library “crafted on the codi-
fied traditional knowledge, particularly about medicinal plants and for-
mulations” (ASEAN Centre for Biodiversity, 2019). It is a publicly
available database and is searchable by ASEAN country and common
ailment for which the medicinal plant is used as a treatment. It lists ail-
ments such as asthma, cold, cough, diabetes, diarrhea, fever, headache,
painful swellings, skin diseases, and ulcers. The relevant plant species are
listed by their botanical name, common name (transliterated into the
Latin alphabet as required), all indications for which it is claimed as a
treatment, and the ASEAN countries of origin, together with a
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photograph of the plant and its flower. However, it does not include stud-
ies showing the efficacy of the claimed treatments. The TKDL compen-
dium mentioned earlier in this paragraph is superior in this regard.

Regardless of a treatment’s “claimed” efficacy, the evidence must sup-
portit. For instance, the DmﬁASEAN Agreement on Regulatory Framework
for Traditional Medicines of 2017 proposes a three-tiered level of eviden-
tial requirements to substantiate a traditional medicine claim for approval

by health authorities (see Table 10.1). In addition, the draft provides a

Table 10.1 Degree of evidence required to support different traditional medi-

cine claims

Type of
traditional
medicine
claim

Level of evidence

Evidence to substantiate claim

Traditional
health use

Traditional
treatment

Scientifically
established
treatment

Evidence from
documented
traditional use
and knowledge

Evidence from
documented
traditional use
and knowledge

Scientific data
and traditional
medicine
principles

Evidence of documented traditional use or
history of use may be found in the
following:

e Classical traditional medicine texts
* Pharmacopoeias and monographs
* Reference textbooks/journals

Evidence of the documented history of
traditional treatment may be found in
the following:

e Classical traditional medicine texts
® Pharmacopoeias and monographs
¢ Reference textbooks/journals

Compulsory evidence: Substantiation of
traditional medicine claims based on
scientific data as required by the
regulatory authority to be conducted on
finished products or ingredient(s).
Justification must be provided to the
regulatory authority if the evidence
provided is based on the ingredients.

At least one piece of additional evidence:
Evidence of the documented history of
traditional treatment that may be found
in the following:

e Classical traditional medicine texts
® Pharmacopoeias and monographs
¢ Reference textbooks/journals

Source: ASEAN (2017) Annex 7 Table 2
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comprehensive regulatory process to ensure efficacy before the product
can be placed on the market.

The conventional pharmaceutical industry provides examples of how
Al might be utilized for the traditional and complementary medicine
industry, which is discussed in the next section.

A. Examples of the Use of Al in the Pharmaceutical Industry

In North America, researchers used artificial intelligence to screen
roughly 7500 molecules and discovered a new antibiotic. The screening
revealed that “the antibacterial compound abaucin, which was originally
touted as an anti-diabetes drug, could inhibit the growth of Acinetobacter
baumannii in vitro” (Inside Precision Medicine, 2023). This finding is
potentially highly significant as the bacterium can display multidrug
resistance and “may lead to pneumonia and meningitis, among other
serious conditions, and was a leading cause of infection among soldiers
wounded in Iraq and Afghanistan” (Inside Precision Medicine, 2023, p. 1).

Workman et al. (2019) consider that “oncology probably represents
the therapeutic area that has most benefited from Big Data, not least due
to the amount of data and resources that are now publicly available”
(p. 1094). They note, however, that data quality is a continuing issue. The
maximum impact and benefits were considered to occur where the ben-
efits of Big Data and Al were utilized throughout the drug discovery
journey and continued into the clinical development and routine care
phases. Tripathi et al. (2021) have come to a similar conclusion and con-
sider that “the knowledge gleaned from applying these Al algorithms in
big data has provided a stimulus to design and discover novel molecules
and their further optimization” (p. 1054). Al can better identify preclini-
cal candidates by rapidly screening virtual compound libraries, represent-
ing a significant advantage over traditional methods.



10 The Potential Role of Artificial Intelligence... 215

10.4 Potential Role for Al in Developing
a Comprehensive Process to Identify
Efficacious Traditional Medicines

Much of the traditional knowledge associated with traditional and com-
plementary medicines is not well documented and often undocumented.
As discussed above, a major issue that leads to this is the lack of staff to
undertake pharmacovigilance. In addition, databases are often very
incomplete and, critically, information on the efficacy and contraindica-
tions of medicines is often lacking. In some cases, the acceptance of oral
advice on the efficacy of traditional treatments leads to the misapplica-
tion of treatments. In extreme cases, this could lead to dire consequences
for the patient. Whilst there are many potential challenges, Al could con-
tribute to the process by collecting and consolidating data, particularly in
the collection of the efficacy of treatments using traditional and comple-
mentary medicines.

A. Proposed Data Model

As discussed above, the preferred model would resemble that of the
two compendiums prepared by the ASEAN (ie. (Ali et al., 2010;
Sukmajaya et al., 2017)) with two additional fields. The proposed fields

for the model are:

(a) Country;

(b) Photograph;

(c) Botanical name;

(d) Vernacular names;

(e) Brief plant description;

(f) Propagation method;

(g) Geographical distribution/ecology;
(h) Chemical constituents;

)

(i) Reports on medical usage

(i) uses supported by experimental/clinical data;
(ii) uses in traditional medicine);
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(iii) contraindications;

(iv) bibliography;

(j) Type of traditional medical claim and evidence to support that claim
as specified in Table 10.1 above (i.e. as described in ASEAN (2017)
Annex 7 Table 2).

We recognize that not all of this data may be available, and compro-
mises will need to be made.

B. AI Process

We propose implementing a circular business process for plant investi-
gations, copying the concepts of a traditional manufacturing-based circu-
lar economy model towards a business process model for investigations.
One of the critical departures in this model from a traditional pharma-
ceutical R&D model is the informational output from the process. In a
traditional process, some limited results are published, and pharmaceuti-
cals are produced. Understandably, the publication of results is limited in
scope and frequency due to commercial reasons; thus, we are not propos-
ing this change. We, therefore, propose encouraging the publication of
investigations where the outcome is not ideal. The result could be that the
investigation produces no benefits, the side effects were too significant, or
the research was orphaned due to changed priorities or lack of funding.
We propose that researchers be actively encouraged to publish such out-
comes to be fed back as input into the business process flowchart.
Additionally, we propose that a similar business process flowchart be
implemented for medicinal plant investigations, copying the concepts
from a traditional manufacturing-based circular economy model towards
a business process model for investigations.

A circular process flowchart for plant investigations is shown in
Fig. 10.1.

In the Circular Economy, products are used and reused (Masterson &
Shine, 2023). The concept is to reduce as far as possible the waste prod-
ucts associated with producing, reusing, and repairing after the comple-
tion of primary use, and then recycling in a manner that feeds back into
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Inputs:

#Plant ID using Al such as PlantNet
eCommunity oral history
ejournals/research/results

Journal results: +and- Searching:

sDatabase #Al/ChatGPT directed search of
#Publish results at each stage knowledge/literature

«Publishing NULL results important *Refine, use human and Al/ Language

eFeedback to inputs in stage 1 Model coo;?erat|ng '
#Al bot continually searching for

targets, making connections

Efficacy Trials Investigations

sUsing Al to model effects on the sDeep dive into available information
body etc. using Al / Language model on target

sFull drug trial type testing with Al #Al to target efficacies and treatment
assistance from chemistry

Fig. 10.1 Circular process flowchart for plant investigations. (Source: Author’s
own elaboration)

the raw materials required for producing new products. This model
assumes that any transformation of materials is “expensive” with a cost,
so reducing transformations reduces that expense, be it in time, energy,
CO,, pollutants, or any other consumable. The model also assumes that
reusing and repairing items generally costs less than manufacturing,
either from new or recycled raw materials.

With precious resources, ensuring the best possible return on invest-
ment is essential. Although there is little literature on the subject, it might
be assumed that worldwide there is a significant waste of resources exam-
ining avenues for investigation and experimentation that other research-
ers have discounted. That is not to say that failed avenues should not be
re-examined with a fresh eye. It is more to suggest that researchers should
go down such a path armed with the knowledge that others have found
it unsatisfactory. The researcher may then choose to verify the results
themselves or find other areas for investigation. One issue with the pub-
lication of null results is how the publication of those results is funded, as



218 R. B. Smith et al.

costs of publishing in Open Access journals are being pushed onto
researchers and their funding agencies, with funding agencies often pay-
ing a fee for manuscript publication. This pressure provides another
incentive for researchers to publish null results.

A study of 96 European researchers by Echevarria et al. (2021) revealed
that 79% of respondents considered that finding negative or unexpected
results is not undesirable, and 82% thought that they should be shared
among laboratories. Nevertheless, only 14% of them had tried to publish
negative results, and interestingly, most had managed to publish their
work. In a separate study, it was found that:

[there is] a bias toward the publication of positive results. Not only were
positive results more likely to be published, but studies that were not posi-
tive [...] were often published in a way that conveyed a positive outcome.
We analyzed these data in terms of the proportion of positive studies and
in terms of the effect size associated with drug treatment. Using both
approaches, we found that the efficacy of this drug class is less than would
be gleaned from an examination of the published literature alone (Turner
etal., 2008, p. 256).

In recent years there has been a move toward making it acceptable for
researchers to publish non-significant results (Faculty of Science,
University of Sydney, 2021). Unfortunately, the move towards this being
the norm in scientific research is slow. Even websites promoting publica-
tions of null results, such as alltrials.net, appear to be infrequently
updated.

Resources are often limited in developing and least developed coun-
tries, be it financial resources, lack of facilities such as laboratories, reli-
able transport for laboratory supplies, reliability of utilities such as water
and electricity, availability of trained and skilled researchers, availability
for service personnel for laboratory equipment, and even placements in
tertiary training. Due to a lack of local educational opportunities, some
developing countries select researchers to be trained outside the country
using precious foreign exchange funds or borrowing funds such as from
the Asian Development Bank.


http://alltrials.net
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With a circular process, reproducibility of results, positive or negative,
is critical. This reproducibility, in turn, requires that data is available and
shows the experimental setup, the data that was collected, and the analy-
sis of the collected data.

C. Obstacles and Opportunities

The potential of Al in consolidating data on traditional and comple-
mentary treatments is significant, particularly if it can source reliable data
on the efficacy of such treatments. To achieve this outcome, several obsta-
cles need to be overcome. These include the ability to collect reliable
information on the efficacy of treatments (including correct citation of
the data), project creep which results in data overload, data being pub-
lished in any number of languages, and intellectual property rights over
the data sources and products developed from traditional knowledge.

(a) Limitations of AI Technology in Drug Discovery

One of the most critical pieces of information in drug discovery is
efficacy data from reliable sources. To date, there are several known cases
where the references cited by Al are incorrect and significant human
intervention is required. We do not consider this an inherent flaw in the
Al process. Instead, it shows the need for researchers to be diligent in
their verification and information cross-checking, regardless of the source
of the data.

One example of how this verification and research diligence can be
done was illustrated by Blanco-Gonzilez et al. (2022). In their research,
the authors used Al to generate a paper on “7he role of Al in drug discov-
ery: Challenges, opportunities, and strategies” and then assessed the out-
come. They found that ChatGPT requires strong human intervention to
be able to write reliable scientific texts. It was found that it does not have
the knowledge and expertise to be able to evaluate the veracity and reli-
ability of the information it collects as part of its processes. They pro-
posed three possible solutions for mitigating the risk associated with Al
being used in the production of scientific publications. They suggested
that the veracity of the information obtained by the Al algorithms could
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be enhanced by training them on large datasets of high-quality peer-
reviewed research. They also suggested that the algorithms could be pro-
grammed to flag potentially problematic information that would alert
researchers to undertake further review and verification. Particular atten-
tion should be paid to references to unreliable sources. Finally, “[a]nother
approach would be to develop Al systems that are better able to evaluate
the authenticity and reliability of the information they process” (Blanco-
Gonzilez et al., 2022, s 10).

Schneider (2018) considers that the combination of “big data” and
“deep learning” per se does not solve these problems. Instead, it is the
responsibility of the researchers “who devise appropriate representations
of chemistry and biology for computational analysis” (Schneider, 2018,
p. 109). The author goes on to mention, for the foreseeable future, the
design, operation, and maintenance of such discovery platforms require
an integrated team of skilled scientists, technicians, and engineers.

Moreover, Chu et al. (2022) claim that novel technologies in comple-
mentary and alternative medicines (CAM) may fail to be adopted with-
out concrete evidence. It is vital that those undertaking research in CAM
“verify the generalizability and validate the effectiveness and the reliabil-
ity for the betterment of the promotion of CAM globally” (p. 13). They
consider that it is vital for researchers who plan to conduct research using
Al methods with CAM to verify the generalizability and validate the
effectiveness and reliability for improving the promotion of CAM
globally.

The challenge to using Al to discover efficacious traditional medicines
is ensuring that the algorithms are as well trained as possible. Indeed, at
the current state of development of Al, there must be an oversite of the
outputs and an independent assessment of the results. What is being
sought initially is potential efficacious targets and their related literature.
Also, if localities where these plants grow can be identified, action can be
taken to protect their source. In addition, the information can be used to
prevent the patenting of traditional knowledge, as is one of the aims of
the Traditional Knowledge Data Library (TKDL) of India.
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(b) Potential Scope Creep

Scope creep occurs when the proponents continue to add additional
requirements to the original design of a project. In this case there is a high
potential for scope creep resulting in users being overwhelmed by data.
This scope creep can occur by researchers increasing the number of data
fields “because they can” rather than identifying data fields relevant to the
task. In the case of the large traditional knowledge database developed by
the CSIR in India, described above, the data checking and translation
task would have required a significant resource allocation. Rather, the
search should focus on critical elements. In the current proposal, the pre-
ferred scope is to extend the framework developed by Ali et al. (2010)
and Sukmajaya et al. (2017) to cover the world’s tropical regions. The
output should highlight any discrepancies in the studies for further assess-
ment by researchers in traditional and complementary medicines.

(c) Language

Language is a significant issue as the local knowledge is in the lingua
franca of the local community. In addition, researchers are able to publish
in reputable journals in their mother tongue. For instance, this is an issue
amongst the ten members of the Association of Southeast Asian Nations
(Smith, 2019). Five nations: Cambodia, Lao PDR, Myanmar, Thailand,
and Vietnam, use unique language systems using a non-Latin script.
Transliteration into English can also be, at times, problematic. Indonesia
has its own Latin-script language, Bahasa Indonesia, which is the same as
Bahasa Malaysia. The other four nations use English as well as their
national language. In fact, in Brunei Darussalam, Malaysia, and
Singapore, English is the language of the law. The working language of
the ASEAN is English. The trend is for at least some academic/profes-
sional journals in each country to publish exclusively in English, with the
exception of Singapore, where journals are usually published in English
exclusively. The uniform naming of plants is covered by the Shenzhen
Code (Turland et al., 2018). Even when a publication is published in the
national language, an English abstract is often provided. References are,
of course, in the language of the original publication. For example, the
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Songklanakarin_Journal of Plant Science publishes in Thai with a bi-lingual
title and a bi-lingual abstract. An article on guava leaf extracts includes
the Latin script botanical name in both the English and Thai abstracts
and a keyword for each abstract (Keawdoung & Boonprakob, 2023).
While most may not read a paper, it could be included in the literature
associated with that species.

The process used for the Traditional Knowledge Data Library (TKDL)
of India is far too complex and labor-intensive (Council of Scientific &
Industrial Research (CSIR), 2023) for the minimal benefit of what the
current project is seeking to achieve. It requires that each text is read with
the medicinal formulations and practices are identified and converted
into a structured language by subject matter experts in Ayurveda, Unani,
Siddha, Sowa Rigpa or Yoga. It is a knowledge-based conversion into
English, German, French Japanese and Spanish. As part of the process,
traditional terminology is converted into modern terminology.

Even translation with software such as Google Translate is problem-
atic, particularly with non-Latin scripts. A simple test was carried out
using a common medicinal product, “neem oil.” In Thai, it translated as
thifuazian (Naman saded), and when translated back from Thai to English,
it came back as “neem oil”; however, translations into Khmer and

Lao failed.
(d) Intellectual Property

Copyright is an area that is fraught with difficulties, and protections
vary by jurisdiction. Two articles of the WIPO Copyright Treaty (WCT)
(19906) are particularly relevant:

Compilations of data or other material, in any form, which by reason of
the selection or arrangement of their contents constitute intellectual cre-
ations, are protected as such. This protection does not extend to the data or
the material itself and is without prejudice to any copyright subsisting in
the data or material contained in the compilation (WCT art 5).

Contracting Parties shall provide adequate legal protection and effective
legal remedies against the circumvention of effective technological mea-
sures that are used by authors in connection with the exercise of their rights
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under this Treaty or the Berne Convention and that restrict acts, in respect
of their works, which are not authorized by the authors concerned or per-

mitted by law (WCT art 11).

It is reasonable to assume that the sourced material is copyrighted
unless explicitly stated otherwise. For example, jurisdictions like Australia
do not require a copyright statement or logo to be provided for material
to be copyrighted. Countries usually include a fair dealing clause in their
copyright law. The clause would be similar to that in the Australian
Copyright Act 1968, namely:

A fair dealing with a literary, dramatic, musical or artistic work, or with an
adaptation of a literary, dramatic or musical work, for the purpose of
research or study does not constitute an infringement of the copyright in
the work (Copyright Act s 40(1)).

While traditional knowledge per se cannot be protected, it is crucial
that outside parties do not attempt to patent the knowledge. As discussed
above, products derived from the commercialization of traditional knowl-
edge may be protected by patents, trademarks, and geographical
indications.

(e) Compliance and Regulation

Compliance and regulation of complementary medicines can become
quite challenging. For instance, in Australia, Complementary Medical
manufacturers often must provide “mandatory data” to the regulator for
pre-market approval or post-market compliance assessments. In numer-
ous regulatory circumstances, an applicant may be required by law to give
information to support the pre-market (marketing approval) or post-
market (compliance assessment) context (Complementary Medicines
Australia, 2023). For example, an indication and claim that “an herbal
ingredient has a tradition of use in Western Herbal Medicine for symp-
tomatic cough relief” may be based on research reported in books or
textbooks; published online; or possibly in monographs published by
Government or private bodies in Australia or overseas (Complementary
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Medicines Australia, 2023, p. 2). Many of the sources would be copy-
right material and cannot be legally shared without the approval of the
copyright owner. As data collection in our case would be multi-
jurisdictional, it would be prudent to seek appropriate legal advice before
embarking on a comprehensive data mining exercise.

10.5 Discussion and Recommendations

The loss of traditional knowledge of plants and their medicinal properties
would be a global tragedy as it covers indigenous and local knowledge
and knowledge in the broader community. While artificial intelligence is
still in its infancy, “big data” has existed for much longer. The tools are
available for Al to identify efficacious traditional medicines, but several
caveats exist, with the availability of data being the most pressing issue.
Currently, much information is in the informal sector and may or may
not be formally documented. This lack of documented information is
also the case in the broader agricultural sector. To collect and codify that
knowledge is a daunting exercise that requires a step-by-step approach,
and the initiatives described above by ASEAN are a good start. However,
the two compendia only include a sample of the plant sources for tradi-
tional medicine. Once the data is available, it should be actively made
available to the marginalized communities, with advice on how it may be
commercialized to their benefit. This knowledge-sharing should be a role
for governmental organizations, NGOs, universities and the like rather
than for-profit organizations (see Smith and Smith (2023) and Smith and
Perry (2023a)).

An even more pressing issue is the availability of information that is
not open-sourced. This lack of information is an ethical issue: should a
researcher who is collecting and using traditional knowledge, which by its
very nature cannot be patented or covered by copyright, be able to then
publish the information as copyright material? Universities and research
institutions should promote free access to information, especially when
the research is publicly funded. Moreover, publications of negative results
should also be encouraged so that future researchers can focus on areas
more likely to provide positive outcomes. There would be incredible
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benefits if there could be an international consensus on collecting and
storing traditional knowledge, including the sources of that knowledge,
especially if it comes from an oral tradition. In particular, it would be
invaluable if researchers and international organizations could reach a
consensus on the critical data elements to be collected and how they are
stored. Researchers, wherever their country of residence, should be
strongly encouraged to include the botanical name of a plant in the Latin
script regardless of the language of publication to enable more accessible
access to the outcomes of their research.

Lastly, Al is not infallible, and detailed data quality checking is essen-
tial. This data quality checking is particularly important in the case when
data sources are cited. As can readily be seen from a general search using
a search engine such as Google, an error or misunderstanding on one site
is often replicated across several sites. Artificial intelligence has great
potential to identify efficacious traditional medicines for commercializa-
tion by marginalized communities in tropical regions, which would pro-
vide many benefits to these communities. Regardless of the sophistication
of the Al algorithms, it is incumbent on the user to undertake detailed
quality checks to ensure that the data is reliable and that the source is
correctly identified.
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