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Resumo

Com a constante evolucdo da Inteligéncia Artificial nos dltimos anos, o potencial para a
incorporacdo desta tecnologia em diversas areas tem acompanhado essa tendéncia. Esta
incorporagéo tem levado ao aumento da eficiéncia, produtividade e crescimento. Na atualidade,
0 e-commerce e 0 marketing online tém sido utilizados como nunca antes, com a Inteligéncia
Artificial a desempenhar um papel importante nesta evolucgéo e otimizagéo.

Esta investigacdo tem como objetivo analisar como pode haver uma integracdo dos
principios e teorias da economia comportamental nas estratégias de personalizacdo da IA. Este
estudo também pretende avaliar e compreender melhor o panorama atual da personalizacao
potenciada por IA no marketing, bem como investigar o impacto que a personalizacao da IA
tem no comportamento do consumidor. Para alcancar as conclusfes necessarias para responder
a estas questdes, estas trés matérias foram investigadas em profundidade, numa primeira
instancia através da revisdo da literatura e, posteriormente, através das entrevistas realizadas
via abordagem qualitativa.

Através das entrevistas, foi possivel avaliar que as principais razdes pelas quais esta
integracao seria um sucesso se devem a opinido geral de que a IA e a melhor compreensdo do
comportamento do consumidor sdo um ativo para qualquer empresa, levando a uma melhoria
dos resultados gerais. Por outro lado, as principais razdes pelas quais esta integracdo seria mal-
sucedida seriam a falta de conhecimento e know-how dos profissionais de marketing, assim
como as falhas que ainda ocorrem com esta tecnologia, como a ndo entrega dos resultados

esperados.

Palavras-chave: Inteligéncia  Artificial, = Marketing,  Personalizacdo, = Economia

Comportamental

Classificagéo JEL:
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Abstract

With the ever-growing evolution of Artificial Intelligence in recent years, the potential for this
technology to be incorporated in various different fields has been accompanying the trend. This
incorporation has led to increasing efficiency, productivity and growth. In today’s day and age,
e-commerce and online marketing have been utilized as never before, with Artificial
Intelligence playing a big role in this evolution and optimization.

This investigation aims to analyse how there could be an integration of behavioural
economics principles and theories into Al personalization strategies. This study also intends to
assess and better understand the current landscape of Al-Powered personalization in Marketing,
as well as investigate the impact that Al personalization has on the consumer behaviour. In
order to reach the conclusions needed to answer said questions, these three matters were
investigated in depth, on a first instance through the literature review, and later through the
interviews conducted via the qualitative approach.

Through the interviews it was possible to assess that the main reasons on why this
integration would be a success was due to the general opinion that Al and the better
understanding of the consumer behaviour is an asset to any company, leading to an
improvement of overall results. On the other hand, the main reasons why this integration would
be unsuccessful would be the lack of knowledge and know-how of the marketing professionals
and the malfunctioning that still occurs with this technology, ultimately not delivering the

expected results.

Keywords: Artificial Intelligence, Marketing, Personalization, Behavioural Economics
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Chapter 1 - Introduction

1.1. Contextualization

There is no denying that we are now in the era of unprecedented technological advancements.
Along with this evolution, there has been a conversion of both artificial intelligence (Al) and
marketing, with this intersection causing a paradigm shift and redefining the dynamics of
consumer engagement.

The evolution of Al seems to be leading to a bigger interaction between machines and
humans, where the lines between real physical space and digital virtualized networks will
become blurrier. This also translates to a broader usage of this technology in various different
industries like in agriculture, autonomous driving, education, financial industry, governance,
intelligent robotics, manufacturing, healthcare industry, retailing industry and security (Lu,
2019).

The usage of personalization has been a tool utilised by marketers in order to improve their
job and the relationship with its customers. Although this technology isn’t new, there are still
some challenges. Therefore, understanding the processes required to conduct personalised
marketing would be useful. For most scholars and marketers there are several terms to illustrate
the personalization process like segmentation, profiling, filtering, tailoring, targeting,
customization, mass customization, mass personalization and one-to-one marketing, while for
practitioners, there is the consideration of topics like location diagnosis, tailoring the content of
the message, tailoring the product and fitting the visual layout of the message to the data
terminal equipment (Vensanen & Raulas, 2006).

For Montgomery and Smith (2009), personalization is an important component when it
comes to interactive marketing strategies that will adapt itself and improve with the evolution
of the internet. With that in mind, there are three problems that ought to be addressed and
enhanced in the future such as Privacy, Adaptive Web Design and Computation. Regarding
Privacy, this problem stems from the fact that this attribute could be viewed as an invasion of
privacy that could be solved by applying the term of Sufficiency. Although this could be a
viable solution, the line between what is sufficient information and what is a violation of privacy
is still very blurred. For Personalization using adaptive web design, since this generates an
anticipation of the objectives the user has, making inferences of their goals based on the
observed actions, could be a more effective solution. Finally, the computational issues are

related to the inference of potential statistical algorithms in real-time decision environments.



There seems to be many discussions on how this evolution will have repercussions in
different areas like consumer behaviour, competition, and labour market, and how this could
translate to issues of inequality and unemployment. Nevertheless, there is still little to no
empirical studies regarding the subject of Machine Learning algorithms, which may lead to
misinterpretation or an exaggeration of the consumers behavioural biases. The importance of
these studies lies in understanding how these developments can both benefit and mitigate the
problems of new technologies (Abrardi et al., 2022).

Additionally, the evolution of the Behavioural Economics scope also means that there will
likely be alterations in basic neoclassical economic paradigm and its implications in consumer’s
choice behaviour. According to Etzioni (2011), this progression in BE, thanks to the various
sociological and psychological studies, translates in new findings such as choice behaviour not
being based on any deliberations, both intuitive choices and those subjected to deliberations are
strongly affected by norms and emotions, that are in turn influenced by cultural and social
factors and cognitive biases (BE) are frequently observed and reported in instances where
reasoning occurs. These conclusions could lead to new ways in which Behavioural Economics
could be implemented in various fields, such as Marketing, and its potential in expanding its
reach.

Ultimately, the aim of this thesis is to delve into the intricate nexus of Al-Powered
personalization through the lens of behavioural economics while also exploring the alliance

between cutting-edge technology and the insights offered by behavioural economics principles.

1.2. Problem Discussion

While investigating, doing research, and reading different articles and journals, it was detected
that despite the growing adoption and prominence of Al-Driven personalization in marketing,
there was still a need to delve deeper into this area.

The term personalization has been defined by several scholars, with a more generalised
definition being formulated by Chandra et al. (2022), as a strategic approach involving the
processes of acquiring knowledge, aligning and providing products and services in order to
meet the unique needs of customers. This way, customers have an improved satisfaction since
there is a reduction in disorientation and better decision quality. Even though the focus of this
research is about the personalization of ads and publicity, it is important to mention the
phenomenon of mass customization. In a brief and concise way, for Tseng et al. (2017) mass

customization has as a goal to provide products and services tailored to individual customer



needs, combining the efficiency of mass production. This approach emphasises the importance
of offering uniquely designed products and services by treating each customer as an individual,
achieved through process agility, flexibility, and integrating the entire product life cycle.

For Zhang and Sundar (2019), the two terms of personalization and customization have
been hand in hand when describing the process of tailoring content for consumers. However,
they differ when it comes to the source of tailoring, since personalization involves tailoring
driven by the system, while customization involves tailoring done by users. In continuance,
customization can be done by action route and the cue route through the theory of interactive
media effects (TIME). According to this theory, in the action route, affordances prompt users
to take actions, such as actively selecting options to customise an online service according to
their preferences. This way, the engagement fosters in the user a sense of agency and self-
determination, which ultimately enhances their involvement. As for the cue route, the mere
existence of affordances or outcomes indicating the impact of these affordances, implies the
probability for user action, even in the absence of actual user behaviour at the moment of
decision-making. Through this theory, it is expected that customization likely affects user
behaviours and psychology through both routes.

In more practical terms, personalization is viewed as a designed process aimed at tailoring
a pertinent, individualised interaction to improve the customer experience. It integrates the
utilisation of artificial intelligence (Al) and machine learning (ML) within the domain of
cognitive and social psychology. Recently, there has been significant expansion in the body of
literature focused on personalization research, and the field is gaining momentum thanks to its
multidisciplinary nature, even though, despite of the exponential growth in personalization
research, a comprehensive review is lacking to bring together the fragmented literature
(Chandra et al. 2022).

According to Kopalle et al. (2021), although there have been many studies conducted
related to Al in different contexts globally, the quick spread and fast development of these
technologies will likely lead to a customised offering, translating in a need of further
examination of the role of Al technologies in marketing. For that reason, there is still a need in
understanding how the integration of behavioural economics principles could enhance the
effectiveness of Al-powered personalised marketing strategies. This way, it would become
easier to understand the connection between behavioural biases and Al personalization and

ultimately optimise the marketing efforts.



1.3. Research Objectives and Questions

Taking in consideration what was mentioned earlier, there are several objectives that have been
set with the intention of better answering the research problem. The main objective has been
established as understanding how there could be an integration of behavioural economics
principles into Al personalization strategies. Regarding more specific objectives, these have
been settled as assessing the current landscape of Al-Powered personalization in Marketing and
investigating the impact of Al personalization on consumer behaviour.

Upon analysing and studying the subject at hand, these are the questions that could be used
to aid in the answering of the research problem:

RQ1) How does Al-powered personalization influence consumer decision-making
processes and choices?

RQ2) How do businesses implement Al personalization in their marketing strategies, and
what are the challenges they face?

RQ3) What are the key principles of behavioural economics that can be integrated into Al
personalization strategies?

RQ4) How can these principles be effectively incorporated into Al-powered personalization
algorithms and systems?

RQ5) What benefits arise from integrating Al with behavioural economics?

1.4. Investigation Structure

In order to achieve the proposed objectives, the dissertation is presented with the following
structure: Chapter 1, being the introduction, presents the contextualization, the problem
discussion, research objectives and questions and the investigation structure. For Chapter 2, the
literature review will be an exposition and comprehension of various themes of interest such as
Behavioural Economics, Consumer Attitudes and Behaviours, Artificial Intelligence, Artificial
Intelligence in Marketing and the Relation between these topics.

Following the literature review, in Chapter 3 the theoretical approach will consist of a
discussion and further analysis of the research questions and objectives for this research. For
Chapter 4, the methodology is thoroughly addressed by encompassing the research model, a
detailed presentation of the chosen approach for this study while also outlining the specific data
analysis methods utilised. Additionally, the content of this approach is elucidated, providing a

comprehensive understanding of the instruments employed in the data collection process.



In Chapter 5, the result presentation and discussion, findings and results are addressed,
confirming the pivotal research questions and if they align with the initial objectives. Following
the presentation of results, there is a critical discussion that provides a comprehensive analysis
of the collected data. This integrated approach allows for a coherent exploration of how the
previously introduced topics interconnect and influence each other. By merging the
presentation of results with a thorough discussion, this section aims to not only answer the
research questions but also to offer a nuanced understanding of the intricate relationships
between the variables under examination. Finally, in Chapter 6 there is the conclusion of this

study as well as the limitations and recommendations for future research in this topic.

Chapter 2 - Literature Review

2.1. Behavioural Economics

As defined by Mullainathan & Thaler (2001, p.1), Behavioural Economics is “the combination
of psychology and economics that investigates what happens in markets in which some of the
agents display human limitations and complications”. According to Camerer (1999, p.1), the
objective of behavioural economics “is to suggest mathematical alternatives with firm
psychological foundations to rationality assumptions” while as for Rabin (1998, p.660) “the
goal of psychological economics is to investigate behaviourally grounded departures from these
assumptions that seem economically relevant”.

When compared to Mainstream Economics, Behavioural Economics seems like an entirely
different school of thought, since its ideologies are less narrow, mechanical, individualistic,
rigid, separate, and intolerant, giving its study a more personal and realistic approach (Tomer,
2007). According to Rabin (1998), researchers in both areas of economics and psychology were
sceptical about connecting these two concepts as they believed it would be unrealistic. More
recently, the incorporation of more realistic human notions and behaviours in economic models
have improved massively its study in the last decade, as the more realistic the assumptions
made, the better is the outcome of the investigation.

Because of this, in more recent years, economists have started to deepen their understanding
of what it means to not be a classical rational consumer, and to better understand the various
variables that would influence their behaviour. Economists like Herbert Simon have contributed
to this study by introducing the concepts of Bounded Rationality and Satisficing, while Amartya
Sen came up with the concept of Capability-Concept and Joseph Stiglitz with Information



Paradigm. All these concepts have helped with analysing how people react to notions like trust,
tendency to succumb to temptation, inconsistency, norms, and many others (Berg, 2014).

According to Kahneman (2003), one of the most influential behavioural economists, there
could be a more precise study in economics when combining intuitive choices and reasoning,
debunking the allegations of classical economics supporters that it is not possible to analyse
non rational behaviour, as it is unpredictable. By utilising an intuitive/reasoning model it is
easier to predict what a person would do. According to Laibson and List (2015), the field of
Behavioural Economics not only embraces the core assumptions of modern economics but
aspires to evolve and refine those ideologies and make them more empirically accurate. This
field studies how individuals attempt to choose the best option and also the situations when they
fail to do so, despite their efforts.

With the expansion of the knowledge in Behavioural Economics, the questions on whether
this matter will significantly change the way we look at neoclassical economic paradigm, when
it comes to consumer choice and behaviour, remains. But utilising this new paradigm of BE in
the study of various different economic models will only enrich the study as it could provide
more reliable predictions, lay the foundation for more complete policies, and generate more
absolute explanations for the given information. (Etzioni, 2011). As pointed out by Hepburn et
al. (2010), even though behaviour does not always fit the standard economics models, the
empirical evidence from behavioural economics serves as a compelling reminder of the
importance of humility in economic modelling. It plays down the necessity of using models of
human behaviour that are precise and suitable for a specific context, and conversely ensures
that policy recommendations are well-founded and effective.

2.1.1. Behavioural Economics Theories and Concepts

Aforementioned, the field of behavioural economics utilises some of the traditional economic
assumptions, while incorporating psychological aspects, in order to not only explain and predict
behaviour, but also to pave the way for new policies. According to Laibson and List (2015),
this requires an adoption and refinement of three core principles of economics, being
optimization (individuals always try to choose the best feasible option), equilibrium
(individuals try to choose the best feasible option when dealing with others) and empiricism
(models need testing with data).

Several authors have gathered what they consider to be the assumptions and principles of

behavioural economics. Laibson & List (2015) also huddled six principles of behavioural



economics, that encompass the main ideas and subject matters of this field. As the first
principle, they identified that people always try to choose the best feasible option but are not
always successful. As mentioned by Hernandez-Cervantes (2022), this is a different perspective
when in comparison with neoclassical economics, as the models in this field would assume that
the agent always chooses the best option among all others, the so called “Homo economicus”.
The second principle suggests that people mind about how their circumstances compare when
looking at reference points, meaning that for an individual it matters whether they are losing or
gaining when considering a certain reference point. Moreover, losses are more meaningful and
hold more weight for individuals compared to gains, as the suffering is about twice as much as
the benefit from a gain of the same magnitude. For the third principle, there is an understanding
that people have self-control problems. Again, this is a different perspective when in
comparison with traditional economic models, since in these, there is no gap between a person’s
intentions and actions. Regarding the fourth principle, it states that even though people
generally care more about their own payoff, there is also a concern with other people’s payoffs,
even individuals outside of our family. For the fifth principle, it claims that even when market
exchange ceases to matter when looking at psychological factors, many psychological factors
matter even in markets. Finally, in principle 6, by limiting people’s choices, it could potentially
protect them from their behavioural biases but in practice, the intervention of third parties

(heavy-handed paternalism) has mixed opinions and is usually unpopular.

Table 2.1 - The Six Principles of Behavioural Economics

Six Principles of Behavioural Economics

1% Principle: People try to choose the
best feasible option, but they
sometimes don’t succeed

Nagel (1995); Miravete (2003);
Agarwal et al., (2013); Hernandez-
Cervantes (2022)

2" Principle: People care (in part)
about how their circumstances
compare to reference points

Kahneman & Tversky (1979);
Thaler (1980); Kahneman, Knetsch
& Thaler (1990); Tversky &
Kahneman (1991); List (2003);
Hussain & List (2012)

3" Principle: People have self-
control problems

Laibson (1997); Read & Van
Leeuwen (1998); O’Donoghue &
Robin (1999); Ashraf, Karlan & Yin
(2006); Giné, Karlan & Zinman
(2010); Beshears et al., (2013);
Augenblick, Niederle & Sprenger




(2014); Kaur, Kremer &
Mullainathan (2015); Schilbach
(2015)

4" Principle: Although we mostly
care about our own material payoffs,
we also care about the actions,
intentions, and payoffs of others,
even people outside our family

Guth, Schmittberger & Schwarze
(1982); Andersen et al., (2011)

51 Principle Sometimes market
exchange makes psychological
factors matter even in markets

Lamont & Thaler (2003)

6" Principle: In theory, limiting
people’s choices could partially
protect them from their behavioural

Gruber & Kdészegi (2001); Madrian
& Shea (2001); Johnson (2004);
Thaler & Sustein (2008)

biases, but in practice, heavy-handed
paternalism has a mixed track record
and is often unpopular

Source; Laibson & List (2015)

When looking at the different theories that are part of this field of studies, there are a few
that are deemed more important and that have a higher appearance in several different articles.
The theory of bounded rationality is perhaps the one that is more times mentioned and analysed
by authors, as it pertains to the recognition that in practical economic scenarios, individuals
often utilise various decision-making shortcuts, or heuristics, that may cause them to diverge
from the predictions outlined in expected utility theory (Dold, 2023); it is the assumption that
agents are not completely rational and instead possess restricted cognitive capabilities
(Hernandez-Cervantes, 2022); it proposes that individuals face both physiological and
psychological limitations, which consequently means that it is essential to account for these
constraints in the information processing capabilities of decision-makers (Qi et al., 2023).

To better understand and to corroborate the theory above mentioned, there are several
concepts that are important to mention. One of these concepts that is linked to the theory of
Bounded Rationality is called Mental Accounting, first coined by Thaler, that explains that
people handle money differently depending on various factors such as the money’s origins and
intended use. According to Thaler (1999), mental accounting is the array of mental processes
employed by individuals and households to structure, assess and manage financial endeavours
and have three components that should receive the most attention. The first component captures

the perception and experience of outcomes, as well as the decision-making process and its



subsequent evaluation, the second one entails assigning activities to particular accounts where
both the sources and destinations of the funds are categorised in both tangible and mental
accounting frameworks, and finally, the third component concerns to how often accounts are
assessed and what Read et al. (1998) termed as “choice bracketing”.

The concept of choice overload vividly illustrates humans’ bounded rationality. This term,
also known as “overchoice”, denotes a heightened inclination to adhere to the default option in
decision scenarios featuring numerous alternatives. Here, the default option represents the
choice that ensues if the decision maker (DM) refrains from actively selecting any alternative
(Buturak & Evren, 2017). On the other hand, there is also a concept for when there is a lack of
information, called limited information or knowledge, where Thaler and Sustein (2008)
highlight experience, accurate information and timely feedback as pivotal factors that empower
individuals to make sound decisions.

Furthermore, Thaler & Sustein (2008) created the concept of nudge, that can be defined as
any element of the choice architecture that influences people’s behaviour in a predictable
manner, without eliminating any options or significantly altering their economic incentives. So,
nudges involve the intentional modification and design of people’s decision-making
environments, the manner in which these choices are presented or framed, in order to guide
individuals in a particular direction. This concept of nudging has been widely embraced in
public policy, due to its potential to steer behaviour effectively, as referred to by Schmidt &
Engelen (2020).

Behavioural economics deduces that individuals are boundedly rational actors, possessing
limited capacity to process information. While extensive research has focused on understanding
how available information influences decision quality and outcomes, a recent line of research
has delved into scenarios where individuals actively avoid information altogether. The term of
Information Avoidance concerns to situations where people willingly choose to not obtain
knowledge that could be easily accessed, also denominated as Active Information Avoidance
(Golman et al., 2017). Even though information avoidance can be a strategic choice, it often
provides immediate hedonic benefits by shielding individuals from the negative psychological
effects associated with acquiring certain information. However, this short-term benefit may
yield negative consequences in the long run, as it deprives individuals of valuable insights for
decision-making and crucial feedback for guiding future behaviour.

The Prospect Theory was first developed by psychologists Daniel Kahneman and Amos
Tversky as a way of trying to explain various responses to risky decisions that consistently

deviated from the traditional notions of rational decision-making that were encapsulated in VVon



Neuman and Morgenstern’s (1944) expected utility (EY) theory (Loomes, 2010). One of the
most influential papers on Prospect Theory by Kahneman & Tversky (1979) supports the claim
that even though most people obey the axioms of Expected Utility Theory, also known as
Rational Choice Theory, there are several categories of decision scenarios wherein preferences
consistently defy these claims, leading them to believe that the Prospect Theory is a more
accurate descriptive model. As part of Kahneman and Tversky’s development of this theory,
there was a concept that was created, called the Framing Effect. According to the authors,
choices can be presented or framed in different lights, both positive and negative, which
ultimately influences the decision-making process. For Gosling and Moutier (2019), if
individuals are presented with options offering the same expected value but differing in
certainty, when influenced by the framing effect, they tend to be more inclined to choose the
risky option when it is presented as a potential loss rather than a potential gain.

An equally mentioned and utilised Behavioural Economics theory is the Dual-System
theory, that alludes that there are times where our judgements and decisions don’t usually abide
with the formal notions of rationality. This theory assumes that there are two different
processing modes, with type 1 being fast, intuitive, relatively unconscious, and automatic, while
type 2 is a slower, controlled, reflective and deliberative thinking process (Frankish, 2010).

According to Kahneman (2011), system 1 is the cognitive domain where heuristics, or
mental shortcuts, are comprised, and it is also accountable for the biases, or systematic errors
that persist when we make decisions. One of the most well-known heuristics is the availability
heuristic and stated by Tversky & Kahneman (1974) it acts as a cognitive shortcut when the
likelihood of an event is deemed higher merely because it can be readily recalled or brought to
mind, or as defined by Siegrist (2021) it is a concept utilised to explain the differing perceptions
of hazards among people, yet it has not been used to account for the variations in risk perception
at an individual level. Another more general heuristic is the affect heuristic, where, according
to Finucane et al., (2000), individuals may evaluate the risks and benefits of hazards by looking
at a conjunction of positive and negative emotions linked to those hazards. This heuristic is
deemed more efficient than analytical processing, which, consequently, anticipates that
individuals facing time constraints lean more towards relying on affect, as efficiency holds
greater significance compared to those not under time pressure.

Another more impetuous heuristic that is highly influential in consumer behaviour is
scarcity. According to Lee & Seidle (2012), this term is used when there is an insufficiency of
product supply or time of availability, and in general, this translates to more positive evaluation

by the consumers. The impact that this perceived scarcity has on the consumer’s perceived
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value has been thoroughly studied, showing consistently that it positively influences both the
preference for a product and its perceived desirability, thereby affecting purchase intentions
and behaviour. Supporting these findings, Eisend (2008) demonstrated that advertising that
emphasises scarcity leads to a heightened perception of value, which consequently boosts
purchase intention.

Even though there are several heuristics and biases that originate from quick impressions,
the automatic characteristics of system 1 is also based in a human aversion to change. This can
be denoted by the creation of habits, the repetition, and the automatic behavioural patterns
(Duhigg, 2012). The term Status Quo Bias, characterises an individual’s inclination to resist
changes and uphold the present situation, only changing behaviours if the incentive to do so is
strong. As stated by Godefroid et al. (2023), this biased preference can be detrimental, since
there could be another alternative that would improve the way things are done, therefore
hindering progress.

Upon revisiting System 1, it becomes evident that it operates on impulses and faces
limitations in processing information. This effect is originated when individuals display
excessive optimism, a phenomenon known as the overconfidence effect and it occurs when
individuals' subjective confidence in their abilities surpasses their actual objective performance,
sometimes leading to issues such as excessive risk-taking (Pallier et al., 2002).

Another meaningful and highly discussed concept in Behavioural Economics is the sunk-
cost fallacy, which, according to Haita-Falah (2017), in normative economic theory, should be
ignored as they are irrelevant for future marginal payoffs. However, this idea doesn’t depict
reality, since people tend to consider historical costs. Therefore, the sunk-cost fallacy (bias) is
the irrational behaviour of “wasting” good money, after there was a loss of money, with an
example being sticking to a bad investment, just because there was a previous investment of
time and money. Because this is a bias, these bad decisions could also translate to the opposite
behaviour of prematurely abandoning a profitable investment, because there was a previous
loss.

The temporal dimension is an important domain in Behavioural Economics, as there are
biases towards the present and future for people. According to the time-discounting theories,
the events occurring in the present are more heavily weighted than future ones, like people’s
preference with receiving less money now, over more in the future (Frederick et al., 2002). This
theory is commonly known as Hyperbolic Discounting and, as specified by Hepburn et al.
(2010), it refers to an application of time-declining discount rates to trade-offs in between

present and future consumption. These preferences may lead to plans that are inconsistent over
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time, offering a potential explanation for behaviours such as procrastination, addiction,
insufficient saving, and other perplexing human behaviours commonly observed.

Unlike the traditional economic perspective of Homo Economicus, which assumes that
individuals make decisions solely based on rational self-interest, in Behavioural Economics
there is a recognition that human choices are influenced by factors beyond individual cognition
and emotion. In addition to these dimensions, BE acknowledges the significant role of social
forces in shaping decision-making processes as individuals, naturally social beings, are
influenced by and embedded within social environments when making decisions. This domain
is part of the social dimension, where there are various explanations as to why there is a
discrepancy between the actual behaviour of an individual and the one predicted by a model
(Bridge, 2010).

In this social dimension, the anchoring heuristics is one of the most thoroughly investigated
behavioural biases. First introduced by Slovic (1967), but later studied and analysed more in
depth by Tversky & Kahneman (1974), the anchoring effect refers to the tendency of decision
makers to be overly influenced by the first piece of information they receive, leading to biased
judgments. According to Furnham & Boo (2010), this heuristic suggests that this bias occurs
when individuals fail to make adjustments from an initial starting point, causing their final
judgements to gravitate towards that starting point during deliberation.

Another crucial social phenomenon studied and analysed in the field of Behavioural
Economics is the informational influence or descriptive norm called Social Proof. According
to Roethke et al. (2020), social proof serves as a social influence strategy signalling product
popularity and demand. When faced with uncertainty, individuals often rely on social proof for
guidance in their actions and, for that reason, companies capitalise on this tendency by
leveraging social proof to demonstrate widespread adoption, particularly in situations where
uncertainty is prevalent. In E-commerce platforms there is a strategic incorporation of social
proof cues to alleviate user apprehensions and bolster trustworthiness. This phenomenon can
lead to herd behaviour, as pointed out by Cialdini et al. (1999), since there is an indication that
individuals from collectivist cultures are more likely to comply when provided with information
about how others behave, whereas individuals from individualist cultures are more inclined to

comply when presented with information about the individual's past behaviour.
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2.1.2. Consumer Attitudes and Behaviour

The definition of Consumer Behaviour is considered as the entire process of looking for,
buying, using and disposing of a product or service that is expected to satisfy their needs. This
definition also includes how single or multiple individuals make decisions on how to spend
their available resources on consumable goods or services. The analysis of consumer behaviour
also goes deeper, as it delves into the emotions behind these decisions, like why, how or when
they buy it (Schiffman et al., 2013).

The origins of consumer behaviour research go back to the 1960’s with the introduction of
two broad paradigms, the positivistic and the non-positivistic. While the positivistic paradigm
includes the economic and behavioural cognitive that assumes the world is a rational, ordered
place, where rationalism is a fundamental in this perspective, the non-positivist paradigm
emphasises a more interpretive and postmodern perspective, where it is given more importance
to individual experience and the unique and shared cultural realities, translating in a non-
existent single common world view (Pachauri, 2001).

Consumer Behaviours are more commonly associated when an individual performs the act
of buying a product or service. But this action entails a lot more when it comes to researchers.
Understanding the way consumers act is a valuable asset when it comes to deciding which
products to produce, to campaign and what to discontinue (Ajzen, 2008).

Naturally, consumer behaviour studies represent an important field not only to marketers,
but to all of us. According to Sethna & Blythe (2019), understanding the thought process behind
a purchasing decision is of the utmost importance as it aids in the managing of every aspect of
the exchange process, while for Asiegbu (2012), a consumer is a psychological being who
thinks, perceives, and learns, driven by motives, personality, and attitudes, with these
psychological factors influencing consumer behaviour, and with marketers aiming to influence
or capitalise on them.

Also mentioned by Asiegbu (2012), there is an increasing need for marketing strategists to
better understand their customers' attitudes towards their companies' products, services, and
delivery systems, all of these crucial to both services and goods marketeers when designing
strategies. Moreover, attitudes are based on the beliefs consumers hold about the attributes or
features of the products they evaluate, with these attributes often forming the foundation for
developing marketing strategies. Additionally, attitudes are primary drivers of behaviour,
making them highly relevant to marketers seeking to understand why consumers choose to buy

or not buy their products.
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When looking more closely at how consumers behave and why they shop, it is important
to acknowledge certain behavioural phenomena that have been increasing ever since the
introduction of the internet and social media. As mentioned by Saibaba (2022), with the
increasing adoption of technology, today’s consumers have an array of opportunities to explore
different products and services, compare features across brands, read reviews from users and
experts, and take advantage of attractive offers and discounts available at any given time. This
accessibility to both smartphones and social media, combined with the fear of missing out on
online rewards and heighted impulsiveness, has led to an increase of nefarious shopping
patterns, contributing to the rise of compulsive buying disorders.

According to Dinh & Lee (2022), FOMO, or the fear of missing out, is a well-recognized
and significant concept in consumer behaviour, particularly within the realm of social media
marketing. Previous research describes FOMO as a psychological phenomenon linked to the
anxiety individuals experience when engaging with social media platforms and it is
characterised by the fear that others might be having better experiences or receiving greater
rewards, which drives people to use social media as a means to fulfil their needs, making it a
powerful consumerism motivator. Additionally, Hussain et al., (2023) describe FOMO as a
psychological phenomenon where individuals experience anxiety or fear about being excluded
from events or experiences that their peers are enjoying, possibly leading to compulsive buying
behaviour (CBB), where individuals make impulsive purchases in an effort to keep up with
their peers or avoid missing out on perceived opportunities.

Another behavioural phenomenon that has been observed recently has been the younger
generation’s preference for a simplification of not only websites or app design, but also
language. According to Djamasbi et al., (2016), there has been substantial evidence supporting
this claim, as Generation Y tends to be more impatient, preferring short passages of text which
ultimately affects their ability to process information. Additionally, Djamasbi et al., (2016),
indicated that the preference for image-based communication, meant that one way to enhance
the effectiveness of text-based communication was through structuring the information so it
would be easily understood in brief glances and facilitate a more visual search.

In order to better understand these phenomena, it is important to measure the user
experience as a way of analysing, evaluating and ultimately improving the design of these
websites and apps. As indicated by Albert & Tullis (2013), user experience metrics are used to
evaluate and measure certain episodes, phenomena or situations, which not only add valuable
insights to the design and evaluation process, but also aid in the decision-making process. These

metrics can help denote whether there has been an improvement in the user experience, realising
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if money has been saved or increased, finding patterns or inefficiencies or gaining new

perceptions on how to better understand the consumer.

2.2. Artificial Intelligence

Anrtificial intelligence has been around and a reality for many years, but only recently it gained
popularity amongst various fields. This ascent in traction has been mainly due to the fact that
there has been the creation of new Al approaches, the now widely available and cheap computer
force and also the availability of Big Data that has been increasing substantially in the past few
years (Overgoor et al., 2019).

There are several definitions of what Al is, with its mainstream definition, as said by one of
the pioneers of Al, Marvin Minsky, giving machines the ability to perform tasks that require
human intelligence. This simple rationale has evolved, with the premise now being to enable
machines not only to perform repetitive human tasks, but also be able to develop human-like
intelligence (Jiang et al., 2022).

For Kumal et al. (2021) the definition of Al resides in “the science of training machines to
perform human tasks, by processing large amounts of data and recognizing patterns in the data
through the use of an assortment of technologies such as machine learning, natural language
processing, and so on”, while according to Russel & Norvig (2010), artificial intelligence not
only aims to understand intelligent entities but also to create them. For Legg & Hutter (2007),
the junction of various different definitions of intelligence leads them to a concept that
encompasses the ability of an individual agent to acquire, profit and adapt from the different
environments and objectives it possesses.

Despite all of these definitions and notions of what Al and intelligence is, there is still some
difficulty to state precisely all of its nuances, leading ultimately to misunderstandings,
confusion and misuse. So, a more specific and restrictive definition could be more adequate, so
not to make assumptions, as “machines that mimic human intelligence in tasks such as learning,
planning, and problem-solving through higher-level, autonomous knowledge creation” (De
Bruyn et al., 2020, p.93).

The utilisation of Al in today’s industries pertains to allowing problems that would
previously be dealt with by humans’ intelligence, now could be solved with the help of
computerised and mechanical solutions. Thus, the adoption of Al and Machine Learning (ML)

has been rising, in order to aid employees when attending customers, to forecast what are the
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customer demands and to enable simple questions to be answered by bots (Campbell et. al,
2020).

According to Campbell et. al (2020), the definition of Machine Learning is “an application
of Al that provides systems the ability to automatically learn and improve from experience
without being explicitly programmed”, while for Zhou (2021) is “the technique that improves
system performance by learning from experience via computational methods”.

Even though Al is the technology that is typically defined as the one that allows machines
to learn from standardised behaviour and execute human-like tasks, Machine Learning is an
important aspect of this revolution in Marketing, as it supports the performance of Al.
(Campbell et al., 2020).

2.2.1. Artificial Intelligence in Marketing

The definition of Marketing Al is linked to the making of the optimal decision with the available
information, and so a more concise definition could be “the development of artificial agents
that, given the information they have about consumers, competitors, and the focal company,
suggest and/or take marketing actions to achieve the best marketing outcome” (Overgoor et al.,
2019).

The usage of Al in Marketing has been evolving rapidly since there are various benefits of
its utilisation. With the increase of the usage of computers and online shopping, the access to
big data, the minor computing costs and the evolution of the machine learning algorithms and
models, there has been an application of this technology in various areas of marketing (Huang
& Rust, 2020).

According to Campbell et al. (2020), the usage of Al in Marketing offers many potential
applications in various stages of the marketing process. This way, the authors recognize that
there are several stages in the marketing process, nine to be more precise, and there are
numerous ways in which Artificial Intelligence can be useful in each of them. In a first stage,
there is a need of analysing the environmental situation that could affect the stakeholders and
the organisation. In this phase, Al can help with the simplification of the understanding of large
data sets, recognize abnormalities in the market and the recommendation of systems to help
identify plausible future events. The second stage pertains to the understanding of the way
market’s function and the customers behaviours and attitudes, and so the way in which Al could
aid is by identifying the shifts in the behaviour of the competitor, assessing if the customers are

satisfied and content and estimate the demand of the product.
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The third stage relates to a more technical aspect of marketing, the segmentation, targeting
and positioning, with Al coming in hand by classifying into the different segments, estimating
the probability of a positive response to promotions, improving their targeting of ads and
recommendation of products and brands. Stage four concerns the planning of the direction to
take and the more long-term objectives, with Al aiding by providing a digital customer service
via chatbots, the estimation of the receptivity of the consumers to the price shifts and
promotions and identifying the most likely to purchase.

With stage five comes the development of the product strategy, and by identifying the gaps
in the market for a new product development, creating a more customised product and assisting
with the design and production of products that would be customised to isolate consumers, Al
would be very useful. By stage six, there is a development of the pricing strategy, with Al
assisting in the estimation of consumer price elasticity at both an individual and collective level,
provisioning dynamic pricing and detecting anomalies. With stage seven, comes the
development of channels and the logistics strategy, with the prediction and improvement of the
distribution, inventory, and store display and layouts process being a way for Al to assist the
process.

Developing the communication and the influence strategy is what comes next, in stage
eight, with Al being of usage in creating ads that take in consideration content and that are
individualised, as well as an optimization of ad placement. Finally in stage nine there is a
planning of metrics and implementation of control, with the aid of Al in assisting in the
prediction of expected revenues and profit and the outcome of the correct actions, while also
diagnosing what could be done to improve.

Table 2.2 - The nine stages of the marketing process

The nine stages of the marketing process

Stage 1: Analysing the current situation Entails grasping the macro-level
environmental factors that could impact
the organization, its marketing strategies
and its stakeholders

Stage 2: Understanding markets and Involves acquiring insights into
customers microenvironmental factors that directly
influence the company such as market
share dynamics, demand for products/
categories, and customer attributes
encompassing needs, desire, behaviours,
attitudes, brand preferences and
purchasing habits
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Stage 3: Segmenting, targeting, and Entails cultivating insights into customer

positioning segments and aiding in targeting and
positioning strategies

Stage 4: Planning direction, objectives, Involves formulating extended-term

and marketing support goals and corresponding short-term
objectives to bolster overarching
strategies

Stage 5: Developing product strategy Involves the development of the range of
products offered by a company

Stage 6: Developing pricing strategy Centers on devising pricing strategies
aimed at optimizing sales

Stage 7: Developing channels and Involves making decisions regarding

logistics strategy logistics, distribution, and inventory
management

Stage 8: Developing marketing Centers on delivering targeted

communication and influence strategy promotions to customers at opportune
moments

Stage 9: Planning metrics and Entails identifying, monitoring, and

implementation control taking necessary action based on
performance metrics

Source: Campbell et all., (2020)

There are some areas with the potential to benefit massively when integrating Al in their
operations. According to a McKinsey & Co. study (2018), the areas that could improve
substantially with this execution are Marketing and Sales. The close relationship with customers
and massive data gathering, gives these industries a privileged position in analysing and using
this information for personalised and accurate suggestions.

The utilisation of Al in the creative processes in marketing is one area with massive
potential. According to Pagani & Wind (2024), the usage of Al on creativity in marketing is
transformative, as Al not only boosts individual creativity, but improves marketing
performance, as a new instrumental tool, a gateway to explore innovative ideas and a method
for breaking down the creative process itself. Ultimately, the integration of Al into marketing,
automates routine tasks, enabling marketers to shift their focus toward strategic and innovative
thinking, conduct more in-depth data analysis, and serve as a catalyst for creativity in content
creation.

The various different software’s and technologies that allow this personalization are vast
and constantly evolving. From predictive analytics tools, recommender systems, search engine
optimization, dynamic creative optimization, Al-driven chatbots offering real-time customer
support, all these automating and tailored processes are helping marketers enhance efficiency

and boost customer satisfaction. According to Verma et al.,, (2021), Al-driven chatbots,
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powered by Natural Language Processing (NLP), have significantly enhanced customer
experiences by enabling seamless and personalised interactions, while Machine learning (ML)
algorithms efficiently process vast amounts of data, allowing businesses to make informed
decisions. With Al playing a crucial role in analysing customer behaviour, including habits,
preferences, and purchasing patterns, in Customer Relationship Management (CRM), Al User
Interfaces (AlUI) have streamlined operations and improved customer engagement.

Moreover, Al and the Internet of Things (1oT) have transformed traditional retail into smart
stores, improving both the shopping experience and supply chain management. Beyond
physical stores, Al also powers online businesses, driving personalised services and operations,
with recent advancements in Al even leading to machines being capable of tracking human
senses—sight, hearing, taste, smell, and touch—further showcasing the technology's potential
in enhancing human interactions (Verma et al., 2021).

Another highly employed technology is Search Engine Optimization (SEQO), which
according to Almukhtar et al., (2021), is the process by which a website or web page is
optimised to increase the volume and quality of organic traffic from search engines, meaning
that in order to have a successful SEO, there needs to be an improvement in a page's chances
of ranking higher on search engine results pages (SERP). With Google being the most famous
search engine, SEO would be the process of improving your website's ranking on Google and
other search engines, increasing its visibility to more users, expanding your business, and
establishing your company as a leader in the industry.

Recommender systems fall under the broader categories of information retrieval and natural
language processing techniques. In e-commerce, recommendation systems are crucial as they
enhance profitability by helping users discover relevant products, leading to increased sales, a
mutually beneficial model for both sellers and buyers. These recommender systems are applied
in various domains beyond e-commerce, such as suggesting movies to users, curating
personalised news feeds, and recommending new music (Harinath & Kumaran, 2015).

When it comes to remarketing, as defined by Isoraite (2019), it is a process that allows
advertisers to target consumers who are already familiar with their businesses, by tracking past
visitors to a website. With this strategy it is possible to re-engage visitors who may have left
the site without taking action, by encouraging them to return and complete a purchase or utilise
the service they offered. Additionally, according to Arya et al., (2019), this vast amount of data
and consumer’s personality, buying behaviour and online activity, allied with the advanced
computer technology not only enhances their brand experience, but fosters their sense of

attachment to the brand.
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Based on Kumar et al., (2021), the availability and evolution of the digital world has made
its consumers more aware and qualified to use these technologies, meaning that their demand
for effective and functional solutions for the problems they face is a requirement. This increase
in the importance of the utilisation of technology, has meant that there are new technologies
that have been created and utilised more than ever. These new technologies are Artificial
Intelligence (Al), Machine Learning (ML), Internet of Things (1oT) and blockchain. Although
these technologies are still considered new age, their adoption by the mainstream population is
due to happen in the future.

As described by Akter et al., (2021), today's customers are more demanding than ever,
seeking speed, convenience, and flexibility with every purchase. The expectation of a seamless
experience, whether shopping in-store or online with the ability to pick up online orders in-
store, even after hours, increasing exponentially. Showrooming is increasingly common, with
customers using mobile phones to find better prices online while examining products in-store,
additionally demanding faster delivery, the so-called “express delivery”. In order to meet these
expectations, retailers must adapt and refine their multichannel strategies.

According to Hajdas et., al (2022) with the shift towards a seamless consumer journey in
the retail industry, driven by a customer-centric approach and influenced by the technological
advancements, widespread use of mobile phones and the rise of consumer expectations, has
meant that marketing channels are becoming increasingly interconnected, leading more
companies to adopt omni-channel strategies. With the usage of these strategies, the main
challenge for retailers is how to fully integrate these channels while optimising the customer
experience, allowing for a smooth and interchangeable use of various marketing platforms.

Omnichannel is a modern retail strategy aimed at enhancing the customer shopping
experience by addressing the limitations of the multichannel approach. It responds to changing
consumer habits, where customers frequently switch between online and offline stores and
increasingly rely on digital devices like smartphones and tablets. By coordinating multiple
channels and customer touchpoints, omnichannel retailing seeks to provide a seamless,
integrated experience that optimises both customer satisfaction and channel performance, while
considering the impact of channel integration on customer behaviour and purchasing decisions
(Hickman et al., 2020).

For that reason, as defended by Pereira et., al (2022), in the global multi-trillion dollar
fashion industry that faces challenges related to social and environmental sustainability, as well
as the shift towards digital, customer-centric operations, the shift to Decision Support Systems

(DSSs) is essential, more recently with fashion recommendation systems (RSs) that have been
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developed based on customer models (CMs) that include basic customer data, such as body
measurements, along with additional inputs like clothing features and usage context. With these
systems it is possible to reduce information overload, offering personalised services that help
customers make better decisions, as researchers emphasise the importance of considering
personality and emotions in fashion e-commerce.

This can also be integrated in retail online stores with an omnichannel approach allowing
grocers to leverage Al algorithms and advanced analytics tools to automate and enhance various
processes, enabling features like quick, cashier-free checkouts, in-store navigation, and
personalised promotions. As online shopping adoption grows across Europe, implementing an
omnichannel strategy is crucial for grocers' future success, as developing mobile apps for online
shopping, offering home delivery, or curb side pickup options, significantly enhances
convenience for shoppers (Neurauter, 2022).

Although many retailers have recognized the importance of omnichannel strategies,
according to Shi et al., (2020), there remains a significant gap between customer expectations
and the omnichannel capabilities that retailers currently offer, with most omnichannel
customers not being effectively served, as companies struggle to address specific customer
needs with their existing channel setups. Additionally, many retailers have established
multichannel platforms, such as web, mobile, physical stores, and social media, but continue to
operate them in isolated business processes, with the overall quality of the customer experience
being the key factor influencing shopping intentions and determining the success of
omnichannel strategies.

When looking at how this personalization and seamless customer experience can be
obtained, according to Baardman et al., (2021), dynamic creative optimization (DCO) has
become one of the solutions to guarantee the maximisation of revenue while addressing
constraints such as minimising ad fatigue, ensuring retargeting, and maintaining user diversity.
This stems from the core challenge for advertisers of not merely displaying the right product to
each user, but also showing the right creative to match individual preferences, while
simultaneously reaching a broad audience that remains engaged. Even though this technology
is evolving, currently, DCO is carried out using heuristic and rule-based approaches defined by
the advertiser, leading to ads that are not fully personalised but are tailored to broader customer
segments that the advertiser has divided the campaign into.

But regardless of this breakthrough in the marketing field, this type of development could
bring both positive and negative implications. When looking at the way humans react to this

technology, there could be some divergent responses. Although Al could, for example, improve
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a salesperson’s capabilities by having those standard responses that fit every customer, when a
customer knows that they are talking to a bot, this could become uncomfortable and
inconvenient (Davenport et al., 2019).

Bearing this in mind, this type of reactions and limitations need to be studied and analysed
in order to understand the most effective way in which we can implement this Al powered
marketing strategies. The need for more research on how Al could be utilised to solve marketing
problems is ever more growing, as the only way in which a marketing team could be successful
would be to be better equipped in knowing how to apply a Marketing Al solution (Overgoor et
al., 2019).

This type of limitation was also addressed by Santoro et al., (2024), that pointed out that
some challenges associated with Al-driven growth-hacking strategies, such as the need to
experiment through trial and error in order to understand what works and what doesn’t work,
ultimately leading to more effective and fruitful strategies, the need to maintain human input
and aid creativity, rather than substituting it and the need to have more extensive data so that
Al can obtain better results and reach more accurate decisions. Moreover, some of the other
challenges related to the implementation of Al, according to Rosa et al., (2022), are the
associated high costs of these technologies to the companies and the loss of relationships with

human and customer.

2.3. Relation between consumer behaviour and Artificial Intelligence

With the evolution of Al, there is a natural relation between this technology and the way
consumers behave. Its application in Marketing means the discovery of new ways of making it
more efficient. Al is now used as a way to not only dissuade and influence costumers when it’s
time for them to conduct their purchases, but also to aid them while they are visiting websites.
But the evolution of how consumers behave, influenced by the advancements in Al, meant that
the conventional marketing strategies were no longer effective in the understanding of human
behaviour. (Jain et al., 2024)

According to Anayat et al. (2023), with globalisation and Industry 4.0, technological fields
like the Internet of Things (loT) and artificial intelligence (Al) are increasingly penetrating
markets and shaping the business landscape. Al, in particular, is emerging as a pivotal force in
driving the fourth industrial revolution, the so-called Industry 4.0. The introduction of Al-based
innovations into markets is significantly transforming consumer behaviour and, in this Al-

driven environment, consumers' decision-making processes are evolving accordingly.
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The integration of artificial intelligence has the potential to transform the dynamics of
customer-business interactions. Companies are increasingly turning to Al technologies fuelled
by data analytics to navigate persistent margin challenges, shorter strategic cycles, and rising
customer demands, translating in a shift that redefines how firms engage with their clientele by
offering opportunities for enhanced customer-brand connections (Ameen et al. 2021).

According to Jain et al. (2024), businesses are able to excel by enhancing personalization,
targeting, segmentation, and automating marketing tasks, consequently leading to greater
efficiency and accuracy. Because of this rapid expansion the need for a higher level of
comprehension due to its application to critical tasks, has been necessary.

As stated by Evans & Ghafourifar (2019), when looking at it in more specific terms, these
advancements in Al can lead to an enhancement of the customer experience with the new gain
knowledge of these customers preferences and their shopping patterns. With this information,
retailers can then use this technology in several ways like the Al-powered chatbots, customer
insights and content generation, and personalize services based on past preferences and
purchases (Ameen et al. 2021).

The attempt to continue searching and innovating to improve the way we manage and
stimulate Consumer Behaviour is ever more important, as it is the aim of marketers to influence
the way consumers make independent decisions, ultimately influencing the way society
behaves (Hawkins & Mothersbaugh, 2016, as cited in Olan et al., 2021).

In today’s day and age, the level of influence that Al has in the consumer choice is very
high. Websites like Netflix and Amazon use this technology to make suggestions to the
consumer based on their preferences, while other programs like the ones used in autonomous
cars, use this technology to drive the car, as well as predict the preferable route and driving
style (André et al. 2017).

But with this evolution, also comes some disadvantages. Although this evolution in Al
means an improvement in efficiency, productivity and quality of decision making, there is also
a risk of structural unemployment, a rise in inequality, the surfacing of new undesirable
industrial structures and a risk of job polarisation (Abrardi et al., 2022).

Looking at more specific usages of Al, there is an ever-growing adoption of Artificial
Intelligence Voice Assistants (AIVAs) by consumers. According to Dellaert et al., (2020), even
though the usage of this technology has the potential of being more interactive and helpful, not
much is known about how the decision processes in verbal dialogs can differ from verbal
environments. This shift can have consequences, like the trade-offs between autonomy and

efficiency. Despite not much being known about this novel technology, according to P&S
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Intelligence (2020), the global market for voice assistants generated $1,723.6 million in 2019
and is projected to reach $26,872.6 million by 2030.

According to Dwivedi et al., (2021), there are several expected benefits such as the cost
reduction, the streamlined customer interactions and the increase in flexibility, but on the other
hand, other problems might arise, such as trust issues among customers. The lack of human
interaction and the additional endeavours required from consumers might influence negatively

their overall experience as stated by Malle et al., (2015).
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Chapter 3 - Theoretical Approach

Following the Literature Review previously elaborated, there were several topics in need of
further investigation. For that reason, five research questions were created as a way to tackle
these inquiries throughout the chapter.

The automation and facilitation for consumers in the fields of Artificial Intelligence and
data analytics has been an ever more reality, leading to an emergence of micro-targeting
marketing practices. This approach in marketing has led to more satisfied consumers, since
their choice process is facilitated, more efficient and practical. As pointed out by André et al.
(2017), the standard economic perspective of utility theory, the evolution of these technologies
should aid consumers in getting better options that cater to their needs, while having lower
search costs and higher utility derived from their choices. By providing marketers the ability to
deliver the right product and/or service, the consumer will be relieved from the hurdle of having
to choose, allowing them to save up in searching costs and other possible difficult trade-offs.

Even though this is a known reality, there is still some aspects of the conjunction of these
two topics that are still not so well understood like how these Al-based shopping experiences
can lead to a shift in how consumers perceive the quality of service, adapt their commitment to
the relationship, and assess their overall experience empowered by Al (Jarrahi, 2018).
However, given the rapid development of Al, and consequently its growing usage, researchers
recognize the necessity for up-to-date empirical evidence in this domain. This recognition led
to the formulation of the first research question:

(Q1l) How does Al-Powered personalization influence customer decision-making
processes and choices?

Following the reasoning above, the implementation of these strategies is still under
evaluation. According to Ameen et al. (2021), companies are increasingly adopting Al
technologies enabled by data analytics to address ongoing margin pressures, shorter strategy
cycles, and heightened customer expectations. These Al advancements hold promise in
enhancing the customer experience, by improving companies’ understanding of customer
preferences and shopping behaviour.

In accordance with Asaju (2024), the future of Al in marketing personalization is evermore
growing. With the advancement in Al models, there will be an assimilation of diverse data
streams, leading to an enhancement in their predictions of consumer behaviour. Consequently,
brands will craft hyper-personalised encounters, blurring the boundaries between marketing

and authentic customer rapport even more. In the same way, Bi et al. (2024), also states that
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with Al models advancing and integrating novel data streams, brands can generate hyper-
personalised experiences, dimming the distinction between marketing efforts and authentic
customer connections.

As stated by Evans (2019), the strategic deployment of Al technologies across various
crucial customer touchpoints can thus yield substantial advantages for companies, potentially
leading to heightened customer satisfaction. According to Solis (2017), previous studies
indicate that in the retail industry, Al implementation can target the top 1% of customers, who
hold a value 18 times higher than average customers for retailers. This is accomplished through
highly personalised interactions and increased engagement, utilising contextual and
behavioural data.

This transition to personalised marketing empowers brands to cultivate stronger bonds with
consumers, nurturing engagement, brand allegiance, and ultimately, a formidable competitive
advantage. Insights from Customer Relationship Management (CRM) data, purchase history,
demographics, and prior interactions are invaluable for understanding customer preferences.
Meanwhile, browsing behaviours, content consumption, and time allocation on specific pages
provide essential hints about customer interests (Craig et al., 2024).

As claimed by Okorie et al., (2024), in order for brands to harness advantages from Al-
driven personalization, there must be a prioritisation of trust and ethical data handling with their
customers. The complexity and opacity of many Al algorithms often obscure how consumer
data shapes personalised experience, leading to feelings of distrust and manipulation.
Transparency regarding AI’s role in personalization is essential for fostering consumer trust
and ensuring ethical practices by brands.

As Al personalization advances in the future, the responsibility falls on brands to uphold
its positive impact, nurturing trust and cultivating a personalised marketing environment that
benefits all stakeholders. While Al-powered personalization is undeniably influential, it
introduces ethical considerations and challenges to address. Thus, responsible implementation
becomes essential for brands seeking to harness personalization’s advantages while
maintaining trust and adhering to ethical data practices (Reis et al., 2024).

According to Babatunde et al., (2024), it’s imperative for companies to remain updated on
evolving regulations and establish thorough data collection and usage protocols. In navigating
this landscape, traditional marketing metrics may necessitate adjustment, and the creation of
new metrics could be essential. Embracing this evolving future, both brands and consumers can
benefit from the potential of Al-driven personalization in marketing.

For that reason, the second research question was created:
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(Q2) How do businesses implement Al personalization in their marketing strategies, and
what are the challenges they face?

In recent years, both behavioural economics and artificial intelligence (Al) have
experienced rapid expansion as areas of study. As stated by Aoujil (2023), Behavioural
Economics seeks to integrate insights from psychology, sociology, and neuroscience with
traditional economic theory to unravel the intricacies of human decision-making within
complex economic contexts. Meanwhile, Al strives to develop intelligent systems capable of
emulating human cognitive functions like learning, problem-solving, decision-making, and
language comprehension.

According to Konigstorfer & Thalmann (2020), even though the utilisation of Al in
Behavioural Economics is still relatively a novel subject, due to being an interdisciplinary
subject (with an intersection in various fields such as computer science, mathematics,
psychology, and economics), a lot of progress has been made in recent years. Because of this
integration into sub-fields like finance and advertising, several scholars have created algorithms
capable of anticipating consumer behaviour, projecting stock market trajectories, and
discerning and mitigating human biases (Huang & You, 2023).

Moreover, Al has facilitated the development of behavioural simulations, offering valuable
perspectives on how diverse economic, regulatory, and behavioural elements might influence
both consumers and organisations within a market setting. The potential uses of Al in
behavioural economics are extensive and diverse, leading to a promising and optimistic future
for the field (Banal-Estanol & Micola, 2011). Hence the second research question was
developed:

(Q3) What are the key principles of behavioural economics that can be integrated into
Al personalization strategies?

The way these principles are integrated in the personalization algorithms and systems is
crucial. According to Sadeghian & Otarkhani (2023), with the rise of digital devices, a new
field called digital nudging has been created. This field explores techniques for nudging
behaviour within digital contexts, integrating big data analysis, smart technologies, and
Avrtificial Intelligence algorithms. As stated by Gao & Liu (2022), with this newfound attention
in the digital realm, as individuals face significant choices in online interactions, such as e-
commerce and e-government platforms, it is crucial for practical policy reasons to encourage
informed decision-making in digital environments.

While personalised nudging offers opportunities for enhanced effectiveness in nudging

programs, such as those in public policy, health, and sustainability, it also poses considerable
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challenges. According to Mills (2022), personalised nudging may jeopardise universality,
crucial for consistent policy frameworks and social cohesion, undermine transparency in areas
like law and regulation, and increase the risk of compromising data privacy.

After Susser & Grimaldi (2021), described a field of automated influence, with a spotlight
on targeted advertising, digital nudging, and recommender systems, it was possible to pinpoint
four primary worries associated with automated influencing such as privacy, autonomy,
economic harm and epistemic harm. Moreover, Von Der Weth et al. (2020) suggests that
researchers clarify that while personalization boosts the efficiency of data-powered digital
nudging, it may also undermine users' privacy and autonomy.

As indicated by Schmauder et al. (2023), it's crucial to emphasise that although Al-
generated nudges may yield desired results, a significant issue arises due to the absence of a
precise understanding of human cognitive processes. As a result, predicting potential
unintended side effects from these nudges becomes challenging. Additionally, in accordance
with Sabolev & Lesic (2022), certain users might exhibit heightened sensitivity towards
personalised digital nudging practices and be susceptible to harm due to their characteristics,
such as age, health, and wealth, alongside situational factors like time constraints or distressing
life events. With the survey of these possibilities, my fourth research question was formulated:

(Q4) How can these principles be effectively incorporated into Al-powered
personalization algorithms and systems?

Beyond these behavioural principles being integrated successfully, the outcomes of their
application are of the utmost importance. There are various ways in which they can be
integrated to help better navigate technological aspects of businesses, such as Decision Support
Systems. As claimed by Arnott & Gao (2019), various theories of decision-making have been
crucial to decision support systems, as Behavioural Economics better helps comprehend human
decision-making.

There are several areas and topics within Decision Support Systems research that could
greatly benefit from Behavioural Economics as a foundational theory. There is a predominant
focus on heuristics and biases in current DSS research, however, there is a growing utilisation
of dual-process theory, while prospect theory and nudging are emerging as increasingly
referenced theories. Therefore, Decision Support Systems researchers should recognize that
Behavioural Economics extends beyond mere heuristics and biases, with theories and
methodologies such as dual-process theory, prospect theory, and nudging offering substantial

potential for advancing Decision Support Systems research (Arnott & Gao, 2019).
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Other terms and theories related with behavioural economics have also been an object of
study. As noted by Ingendahl et al. (2021), there is a noticeable increase in research attention
towards subtle adjustments in choice architecture, known as nudging, which exert significant
influence on consumer behaviour. As per Demarque et al. (2015), the better understanding of
these matters, in the particular context of shaping consumer choice behaviour, can lead online
retailers to employ these nudges to steer customers towards purchasing particular products.

According to Ingendahl et al. (2021), despite the growing relevance of the application of
nudging in more practical settings, there is still little research on whether the effectiveness of
these nudges is influenced by the consumer's personality. Thus, a more in-depth study could
help identify potential challenges in implementing certain nudges for specific subgroups, while
also demonstrating how nudging interventions could be tailored to individual personalities to
maximise their influence on consumer behaviour. Consequently, examining whether a specific
personality trait moderates the effect of nudging would provide additional insights into the
reasons behind the effectiveness of nudges in influencing compliance. These promising
outcomes of the integration of Al with BE and future possibilities lead me to my fifth research
question:

(Q5) What benefits arise from integrating Al with Behavioural Economics?

Chapter 4 — Methodology

4.1. Research Model

Research requires a thorough examination of a subject, often with the goal of uncovering new
information or achieving a deeper comprehension. According to Bell and Waters (2018),
research aims to gather and analyse data in order to seek answers to questions, and it is
composed of three stages: the elaboration of a question, the data collection to answer said
question and the presentation of a final answer.

In this study, there is an exploratory aspect, as there is still a lot left to explore regarding
Marketing and the influence Al has on its optimization. Moreover, the specific association of
Behavioural Economics with Al-personalised ads is still not well explored. After incessantly
researching on this topic, | believe this is the first investigation delving into the junction of
Behavioural Economics notions with Al personalization strategies and the possible outcomes

of this association.

29



Following these considerations, it was decided that a qualitative approach would be the
most suitable method for this investigation, as it places a greater emphasis on understanding
the phenomena. As explained by Hennink et al. (2020), qualitative research is a methodological
approach that enables thorough examination of individuals’ experiences through specific
research techniques, making it possible to uncover issues from the viewpoint of study
participants and comprehend the meanings and interpretations they attribute to behaviours,
events, or objects. While the response rate and participation in interviews were satisfactory, its
essential to be mindful of the limitations of this investigation. The reliance on a relatively small
sample size, which leads to broad generalisations, and the gaps in the literature review were
anticipated limitations taken into account from the beginning.

Table 4.1 - Relationship between literature review, the objectives and the research questions

Objectives

Research Questions

Literature Review

Investigating the
impact of Al
personalization on

consumer behaviour

(RQ1) How does Al-
Powered
personalization
influence  customer
decision-making

Malle et al., (2015); André et
al., (2017); Jarrahi (2018);
Evans & Ghafourifar (2019);
Dwivedi et al., (2021); Olan
et al., (2021); Ameen et al.,

strategies?

Eﬁﬁi?s and | 2021): Abrardi etal., (2022)
Solis (2017); Evans (2019);
Davenport et al., (2019);
(RQ2) How  do | Overgoor et al., (2019);
Assessing the current | businesses implement | Huang & Rust (2020);
landscape of  Al- | Al personalization in | Campbell et al., (2020);
powered their marketing | Kumar et al., (2021); Ameen
personalization in | strategies, and what | et al., (2021); Asaju (2024);
Marketing are the challenges they | Bri et al., (2024); Babatunde
face? (2024); Craig et al., (2024);
Okorie et al., (2024); Reis et
al., (2024)
(RQ3) What are the | Banal-Estanol &  Nicola
Understanding  how | ey principles  of | (2011);  Kénigstorfer &
there could be an | pehavioural Thalmann (2020);
Integration of | economics that can be | Hernandez-Cervantes (2022);
behawogral o integrated into Al | Aoujil (2023); Huang & You
economics p“nC'p[Z‘\SI personalization (2023); Dold (2023); Qi et al.,
into

(2023)
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personalization

(RQ4) How can these

strategies principles be | Von Der Weth et al., (2020);
effectively Susser & Grimaldi (2021);
incorporated into Al- | Mills (2022); Gao & Liu
powered (2022); Sabolev & Lesic
personalization (2022); Otarkhani (2023);
algorithms and | Schmauder et al., (2023)
systems?

(RQ5) What benefits
arise from integrating
Al with Behavioural
Economics?

Demarque et al., (2015);
Amott & Gao (2019);
Ingendahl et al., (2021)

Source: Self-Elaborated

In conclusion, this investigation unfolded through four distinct phases. Initially, a thorough
review of relevant literature was conducted, with a collection of the existing information on the
subject matter; following this, the theoretical framework was translated into practical
observation, with the objective of ensuring the utmost reliability in the results; subsequently,
fieldwork was undertaken, involving data collection through interviews and lastly, the gathered

interview data underwent qualitative analysis.

Figure 4.1 - Research Model

Literature Review

Interviews

- Behavioural - Analysis, - Verification and
Economics assessment, and validation of
-Artificial formalization of the reolies
Intelligence interview corpus for :

-Relation between
Consumer Behaviour

qualitative analysis

U/

Source: Self-Elaborated
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4.1.1. Data Collection Method

For methodological purposes, the data was collected through the realisation of one-to-one semi-
structured interviews using a non-probabilistic convenience sample, selected based on the
availability and accessibility of the participants (Manuel Da et al., n.d). The target interviewees
were selected based on the know-how on the matter in study and the job performed in the same
area, whether they were individuals with medium to high decision-making authority and
strategic expertise within the organisation or connected to the field in an academic perspective.
The aim was to understand and analyse the knowledge and expertise of the respondents and
have a broader sample of opinions.

As stated by Vilelas (2020), a study requires 15 to 20 interviews to achieve an acceptable
degree of reliability. After conducting 11 interviews, a noticeable repetition of ideas emerged,
so in consideration of this and Vilelas’ criterion, the interviews were concluded after 15
sessions. Nevertheless, despite meeting the recommended number of interviews, it is important
to interpret the study’s conclusion with caution due to the small sample size.

As mentioned previously, semi-structured interviews were chosen as the data collection
method. The approach was selected in order to avoid restricting participants to a predefined
script, thereby encouraging more detailed responses and capturing a wider range of
information. The research adopted a pragmatic or inductive approach, focusing not on
establishing true or false conclusions, but on analysing various phenomena and facts to enable

comparisons and explore correlations.
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Figure 4.2 - Categorization and Codification of the interview for qualitative analysis
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Based on Bardin (2018), content analysis involves three phases, starting with pre-analysis,
which entails organising and systematising ideas from the interviews, followed by the
exploration of the material, where the content is coded and categorised, and finalised by the

treatment and interpretation of the results. For this investigation, content analysis of the
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interview data was conducted using MAXQDA 24.4. This tool is a professional software for
qualitative data analysis, facilitating not only the transcription and analysis of interviews, but

also the categorization of pertinent data using codes.

4.1.2. Interview’s procedure

A crucial stage of the research involved planning the interview and developing the
corresponding script. The interview script was structured into two sections: the first consisted
of 1 question designed to characterise the sample, while the second comprised questions aimed
at achieving the study’s primary objective. This objective focuses on understanding how there
could be an integration of behavioural economics principles into Al personalization strategies
while also addressing the current landscape of Al personalization in marketing, the advantages
and obstacles of said utilisation and the relevance it poses for future applications.

In order to conduct said interviews, the participants were contacted through the LinkedIn
app and website or through email, requesting them to participate in a research project focused
on the possible integration of behavioural economics principles into Al personalization
strategies, with the aim of improving the marketing efforts. The conduction of the interviews
was achieved by using Zoom or telephone platforms.

The interviews were conducted from May 16, 2024, to June 18, 2024, each lasting
approximately 20 minutes and all being recorded. Confidentiality of personal data was strictly
maintained in each interview and made clear to the interviewees in the beginning. In all
interviews the objective of the investigation and a brief overview of the topic of Behavioural
Economics was explained by means of contextualization and clearing of possible
misunderstandings. For data analysis purposes, all 15 audio interviews were meticulously

transcribed, with all of them being translated to English.

4.2. Sample Characterization

For the formation of the sample of this study, the participants were picked from a specific
population, based on their knowledge on the matter at hand and the level of expertise working
on the field. Since the aim of this study is to analyse various opinions and inputs from
professionals in the area of Marketing, the common denominator for all the interviewees is their
connection to this field. Therefore, in order to conduct the sample characterization, the

parameters sector of activity, current professional activity, years of experience and dimension
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of the organisation were considered, while parameters like gender were dismissed due to the
confidentiality agreement done in the beginning of the interviews.

When looking at figure 4.3, it is possible to denote that the majority of the interviewees
current position within the company is of marketing professional (40%), followed by university

professor with 33% and finally 27% of the respondents being marketing directors.

Figure 4.3 - Interviewees Current Position within the Company

CURRENT POSITION

University Professor Marketing Professional Marketing Director

o,
27% 33%

40%

Source: Self-Elaborated

As per seen in figure 4.4, out of the respondents not working in the academic field, about
60% of the interviewees are currently working at a small and medium-sized company, while

around 40% are working at a large company.
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Figure 4.4 - Dimension of the Organization

DIMENSION OF THE ORGANIZATION

Small and medium-sized company Large Company

40%

Source: Self-Elaborated

Regarding the companies’ sector of activity, in figure 4.5 it is possible to identify that 33%
of interviewees were in the education sector, 27% were in the retail sector, the consulting,
industry, tourism and cultural and art sectors all had 7% and finally the insurance and telecoms

sectors had 6% of interviewees working.

Figure 4.5 - Companies' Sector of Activity

SECTOR OF ACTIVITY

7%
7%
7% 33%
7%
6%
27%
6%

Education Telecoms Insurance Retail
Culture & Art = Tourism Industry Consulting

Source: Self-Elaborated

Pertaining the years of experience working in the Current Position, it is evident in table 4.6
that about 40% of the respondents have more than 10 years of experience, 33% have between
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5 to 10 years of work experience and around 27% have less than 4 years of experience working

in the field of marketing.

Figure 4.6 - Years of Experience working in the field

YEARS OF EXPERIENCE

0-4y 5-10y > 10y

40% 33%
o

27%

Source: Self-Elaborated

Chapter 5 - Data Analysis and Discussion

In this chapter, we will analyse the data collected from interviews and discuss it in relation to
the literature reviewed in Chapter 1. Specifically, our focus will be on the integration of
Behavioural Economics in Al personalization strategies while also assessing the current
landscape of Al-Powered personalization in Marketing and its impact on consumer behaviour.
Ultimately, the aim is to make the understanding of the connection between behavioural biases

and Al personalization easier as well as optimise the marketing efforts.

5.1. The implementation of Al Personalization in Marketing Strategies

For this investigation, the first research category focused on looking more closely at Al-
Powered personalization in Marketing and how its implementation has been made in a more
strategic perspective. This involved looking at how impactful this personalization was when it
came to consumer behaviour and shopping patterns as well as how this implementation could

aid marketers when it came to reaching the right audience.
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In table 5.1 it is possible to denote the various answers given by the interviewees regarding
the impact this personalization had on the consumers and their decision-making process when
utilising websites and apps as well as how this personalization helped marketers maximise its
potential. As mentioned by André et al., (2017); Evans & Ghafourifar (2019); Ameen et al.,
(2021) with the evolution of Al it is possible to enhance the customer experience by utilising
knowledge from previous preferences and shopping patterns, therefore catering more
efficiently to their needs. As denoted in table 5.1, the majority of the respondents recognized
that Al personalization in marketing, impacted greatly the consumers by showcasing ads
derived from previous searches, preferences and purchases on websites and apps. Furthermore,
this personalization enables companies to improve their websites and apps, influencing the
overall experience and expectations of consumers. As pointed out by some respondents this
personalization leads to greater consumer engagement throughout the consumer journey, which
can ultimately lead to an improvement in sales and commitment to the brand as defended by
Jarrahi (2018); Evans & Ghafourifar (2019); Ameen et al., (2021). Another factor deriving from
the influence of Al personalization in marketing strategies is the improvement in targeting,
segmentation and recommendation of ads, identified by the respondents as reaching the right
audience. This consequently leads to greater efficiency and accuracy, while also augmenting
the probability of a positive response to promotions as defended by Campbell et al., (2020);
Ameen et al., (2021); Jain et al., (2024).

As denoted by Campbell et al., (2020), during the marketing process there is a need in
developing the channels and the logistics strategy, as well as a utilisation of Al to plan metrics
and implementation of control. This supports the element that was considered by some of the
interviewees as the utilization of Al aids with a better usage of key words for add
recommendation in websites and apps, leading to a more positive outcome not only for the
consumers but also the marketers. According to authors Dinh & Lee (2022); Saibaba (2022);
Hussain et al., (2023), the rise of technology and social media has led consumers to become
more impulsive and less thoughtful behind the purchasing process, supporting the consideration
given by two of the interviewees that noted that the personalization in marketing has led to
impulsive behaviours in consumers.

Finally, the increase in brand visibility with the utilisation of Al in ads and websites was
mentioned by one of the interviewees and supported by Campbell et al., (2020) who denotes
that using this technology not only reaches the right audience but also allows the diffusion of

the right ads and promotions to consumers.
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Table 5.1 - Impact of Al-Powered Personalization and Online shopping behaviour

Generic Times )
Text Subcategory ) Interviewees
Category mentioned
Having ads
related to
. 1,3,4,5,6,7,11,
previous 1.1 1.11 9
) 12,15
shopping  and
search history
Greater
consumer
engagement
1.1 1.1.1 4 2,9,10,15
throughout  the
customer
journey
Impact the right
_ 1.1 1.1.1 4 2,8,11,15
target audience
Usage of better
keywords  for
1.1 1.1.1 3 9,13,14
add
recommendation
Makes the
consumer more 1.1 1.1.1 2 13,14
impulsive
Increases brand
o 1.1 1.1.1 1 13
visibility

Source: Self-elaborated

As described by Akter et al., (2021), the modern customers are increasingly demanding speed,
convenience, and flexibility with every purchase, with the expectation of a seamless
experience, whether it being shopping in-store or online with the ability to pick up online orders
in-store, even after hours increasing exponentially. As it can be seen in table 5.2, for that reason
the interviewees were asked to give examples where personalization affected the way people
shop and make choices in order to understand where this personalization holds the most impact.
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The majority of respondents used the example of online fashion retail stores as defended by
Pereira et al., (2022) that fashion as an ever-growing industry, allied with the social and
environmental sustainability and the shift towards digitalization customer-centric operations,
made it the ideal candidate for the implementation of Decision Support Systems.

Hajdas et al., (2022) explained that the transition to a seamless consumer journey in the
retail industry, motivated by a customer-centric approach, influenced by the technological
advancements and diffused with the use of mobile phones and the rise of consumer
expectations, has meant that marketing channels are becoming increasingly interconnected,
leading more companies to adopt omni-channel strategies. From table 5.2 it is possible to
denote that, a significant number of interviewees answered online grocery shopping apps and
websites, as defended by Neurater (2022), that this personalization in retail online stores with
an omnichannel approach that allows grocers to leverage Al algorithms to automate and
enhance various processes, significantly enhances convenience for shoppers.

Considering the personalization in social media and similar online platforms, Hickman et
al., (2020); Akter et al., (2021); Hajdas et al., (2022); Pereira et al., (2022) explained that with
the evolution of technology, increasing demand of consumers, and rampant usage of mobile
phones, the integration of marketing channels in these platforms is the new norm, with some of
the respondents stating this as a very common example of personalization in their customer
journey.

The recommendation of products and content based on individual preferences and ultimate
shaping of consumers decisions, noted by André et al., (2017), in online streaming platforms
and services was mentioned by 2 of the interviewees, while only a singular respondent

mentioned online travel agencies and engines.

Table 5. 2 - Case Studies of Al-Powered Personalization in Consumer Decision Making

Generic Times )
Text Category Subcategory mentioned Interviewees
Online ~ fashion 11 112 7 56,7.9,11.14.15

retail stores

Online Grocery
Shopping apps 1.1 1.1.2 5 1,3,4,6,13
and websites

Sponsored  ads

. . 1.1 1.1.2 3 8,10,15
on social media

40



Streaming

services or 1.1 1.1.2 2 2,12
platforms

Online  travel

agencies  and 1.1 1.1.2 1 2
engines

Source: Self-Elaborated

5.2. Al integration in Marketing Strategies and associated challenges

The second research category focused on understanding how businesses implement Al
personalization and the challenges they face in the process. Not only are both aspects critical
for maximising AI’s potential in marketing, but also gaining insights into effective Al
personalization strategies and addressing the obstacles involved are essential for businesses to
fully leverage this technology. For that reason, interviewees were asked to name examples on
how businesses are doing this integration in order to promote their services or products.

Table 5. 3 - Applications of Al-Powered Personalized Recommendations in Marketing

Generic Times .

Text Category Subcategory mentioned Interviewees
Product  Engine 4,5,8,9,11,12,
Recommendation 1.2 121 8 13,15
Remarketing 1.2 1.2.1 7 1,2,3,6,7,10,14
Search  Engine | ., 121 3 713,14
Optimization
Dynamic ~creative | 4 , 1.2.1 2 2,7
optimization
Recommendations
of keywords for ad 1.2 121 1 2
design
Recommendatlt_)ns 19 191 1 7
of platform design

Source: Self-Elaborated

As per seen in table 5.3, the most mentioned tool utilised by the respondents was product

engine recommendation as it was pointed out that this technology aids marketers to reach the
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right audience, therefore increasing efficiency and customer satisfaction. This perspective is
corroborated by Harinath & Kumaran (2015), who claim that recommender systems are
paramount to boost profitability through helping users discover the right products, translating
in a beneficial scenario to both sellers and buyers. Related to this system, is the strategy that
implements it, with remarketing being indicated as the most prominent and effective. As
denoted by Isoraite (2019) and Arya et al., (2019), this marketing strategy allows marketers to
re-engage not only visitors of their website but also consumers familiarised with their business,
culminating in enhanced brand experience and ultimately matching the interviewees responses
of an effective marketing strategy. As it can be seen, three interviewees mentioned Search
Engine Optimization as another beneficial tool in enhancing the marketing efforts, by allowing
a website or webpage to be more visible, therefore maximising the online traffic that is directed
towards it, as defended by Almukhtar et al., (2021). The personalization in ads and content
showcased to consumers can also be obtained in real-time and automatically with advanced
programmatic advertising that looks at data based on viewer’s demographics, behaviour and
location. Two of the respondents mentioned Dynamic Creative Optimization as another tool
that enhances the performance of campaigns since it optimises the creative elements based on
what are the preferences of the target audience as stated by Baardman et al., (2021). The usage
of Al in order to better recommend the keywords that should be employed when creating an ad
was mentioned by one of the interviewees, while another one stated that it could be utilised
when designing platforms and websites, therefore being in accordance with Campbell et al.,
(2020); De Bruyn et al., (2020) and Jiang et al., (2022).

Table 5. 4 - Challenges in implementing Al Personalization in Marketing Strategies

Generic Times .
Text Category Subcategory mentioned Interviewees
Difficulties in
showcasing  ads
that are aligned
with the 1.2 1.2.2 7 1’5’7’110é11’14’
consumers
interests and
needs
Lack of
knowledge on this 1.2 1.2.2 6 2,3,6,7,13,15
subject  among
professionals
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Insufficient
humanization,
sentiment and
emotion

1.2 1.2.2 3) 4,8,9,11,13

Legal and ethical

. 1.2 1.2.2 5 4,512,14,15
ISSUES

High
implementation 1.2 1.2.2 4 1,2,7,13
costs

Resistance  from
companies in
implementing

these technologies

1.2 1.2.2 4 6,7,13,15

Deficiency in the
accuracy of the
information
displayed

1.2 1.2.2 3 2,3,8

Malfunctioning

and bugs 1.2 1.2.2 1 10

Source: Self-Elaborated

Various authors such as Malle et al., (2015); Overgoor et al., (2019); De Bruyn et al.,
(2020); Dellaert et al., (2020); Dwivedi et al., (2021); Okorie et al., (2024) and Babatunde et
al., (2024) alerted that despite the various benefits of the implementation of Al in marketing,
there are always associated challenges and difficulties. Looking at table 5.4, the majority of the
participants responded that a big challenge associated with the showcase of ads to consumers
is that many times these are not aligned with the real customers preferences, oftentimes showing
content that is either too repetitive or no longer relevant. This inefficiency with Al could be a
result of the lack of technology and experimentation in this field as denoted by Santoro et al.,
(2024) and also due to the shift between a consumer's decision process happening in real time
situations versus it happening in a digital setting, with the machine not understanding different
nuances and basing its decision on programmed logic and past data as pointed out by Dellaert
et al., (2020). Furthermore, the interviewees addressed the lack of knowledge among various
marketing professionals on this subject, with this being a barrier in the implementation,
understanding and efficient usage of Al in marketing strategies. This idea is supported by
Overgoor et al., (2019) that mentions that a team’s success depends on its ability to effectively

implement Al-driven solutions and De Bruyn et al., (2020) stating that despite the various
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different definitions of Al, there still remains a lot of confusion, misunderstandings and misuse,
make it challenging for its users. A large number of respondents recognized that the insufficient
humanization, sentiment and emotion leads to not only a disengagement from the consumers,
but also to less authentic and impactful campaigns and ads, as supported by Malle et al., (2015);
Davenport et al., (2019); Dellaert et al., (2020); Dwivedi et al., (2020); Okorie et al., (2024);
Reis et al., (2024) and Santoro et al., (2024).

The legal and ethical issues were mentioned by various respondents, as there is still a grey
area regarding the field of Al, with these respondents questioning the limits of its usage and the
parameters in which it stops being ethical. This claim is defended by Okorie et al., (2024), that
states that in order for brands to fully leverage the benefits of Al-driven personalization, there
must be a prioritisation in building trust and handling the customers data ethically, having
transparency as a priority. Moreover, the high implementation costs associated with adopting
Al in companies, makes it a challenge to dynamize this type of technology and apply it to
strategies, as per said by Rosa et al., (2022). Equally, four interviewees mentioned the resistance
from companies in implementing these technologies and keeping up to date with these trends,
due to feelings of mistrust and misinformation, with Babatunde et al., (2024), claiming that it
is imperial for companies to stay informed about evolving regulations and protocols in order to
stay updated. According to Santoro et al., (2024), the need for trial and error in order to
experiment, leading to better and more effective results, is essential, aligning with some
respondents stating that there is still a deficiency in the accuracy of the information displayed,
leading to errors and faults and also supporting the claim of another interviewee that mentioned
the malfunctioning and bugs associated with the usage of this technology.

5.3. Integration of Key Principles of Behavioural Economics into Artificial Intelligence

personalization theories

The third research category of this investigation pertains to understanding how there could be
an integration of various key principles of behavioural economics into Artificial Intelligence
personalization theories and in that way potentialize them. In order to garner this information,
the interviewees were asked if they could name behavioural economics theories that they
thought were beneficial in marketing or that they were already using. That way it would be
possible to analyse the potential use of Behavioural Economics in Al and marketing and later

understand its applicability.
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Table 5.5 - Behavioural Economics Principles for Enhancing Al tool utilization

Generic Times .

Text Category Subcategory mentioned Interviewees
Cor_nblnatlon' of 21 211 9 2,4,5,6,7,8,9,13,
various theories 15
Loss Aversion 2.1 211 3 1,3,12
Sunk Cost 2.1 211 3 1,10,11
Fallacy
Prospect Theory 2.1 2.1.1 3 3,6,14
Social Proof 2.1 2.1.1 2 1,15
Rational Choice 21 211 1 14
Theory
Nudge Theory 2.1 211 1 15
Heuristics 2.1 211 1 15

Source: Self-Elaborated

When looking at table 5.5, it is possible to better understand, in summary, the respondents'
opinions on the various different types of behavioural economics theories. According to
Konigstorfer & Thalmann (2020), although the intersection between Al and Behavioural
Economics is still a novel subject, a lot of progress has been made and, with that evolution, the
creation of algorithms capable of anticipating consumer behaviour have been growing in
various sub-fields as defended by Huang & You (2023). As it can be seen, the majority of the
respondents answered that they couldn't name just a singular theory or concept and that the
combination of various ones made the strategies more effective and successful, also pointing
out that with the evolution of Al, it would be possible to better develop behavioural simulations
and ultimately better understand organisations and consumers in a market setting as defended
by Banal-Estanol & Micola (2011). When looking at the loss aversion theory, we can see in
table 5.5, that 3 out of the totality of the respondents answered that this was a crucial concept,
when combining it with artificial intelligence personalization theories, since, according to
Laibson & List (2015) losses tend to carry greater significance and impact for individuals
compared to gains, as the pain from a loss is roughly twice as intense as the pleasure derived

from an equivalent gain. Equally, 3 interviewees mentioned the sunk cost fallacy, that pertains
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to when individuals keep investing in a decision, project, or endeavour due to the cumulative
past investments (time, money, effort) that cannot be recovered, instead of basing their
decisions on potential future benefits and costs, as defended by Haita-Falah (2017). An also
important theory that was noted by the respondents and is intrinsically related with the previous
one was Prospect Theory, that explains how people make decisions under conditions of risk
and uncertainty, unlike traditional economic theories where there is an assumption that people
are fully rational, as referred by Kahneman & Tversky (1979) and Loomes (2010).

According to Roethke et al., (2020), when faced with uncertainty, individuals tend to rely
on social proof to guide their actions, with companies taking advantage of this tendency by
using social proof to showcase widespread adoption, especially in situations where uncertainty
is high. This can be used online by influencing people’s decisions based on testimonials,
product reviews, follower accounts as it was mentioned by two respondents. As demonstrated
by table 5.5, one respondent mentioned rational choice theory, with this theory stating that there
is an assumption that individuals make decisions by carefully considering all available options
to maximise their utility or benefit as described by Kahneman & Tversky (1979), while one
respondent mentioned the nudge theory, as the concept of nudging allow individuals to be
steered to a desired direction as defended by Thaler & Sustein (2008); Schmidt & Engelen
(2020) and Sadeghian & Otarkhani (2023). Heuristics are mental shortcuts or rules of thumb
that people use to make decisions and solve problems more quickly and efficiently. One
interviewee mentioned this concept of Behavioural Economics, as instead of engaging in a
thorough analysis of all available information, heuristics allow individuals to focus on a few
critical factors to make judgments more easily, as affirmed by Slovic (1967); Tversky &
Kahneman (1974); Finucane et al., (2000); Eisend (2008); Furnham & Boo (2010); Kahneman
(2011); Lee & Seidle (2012) and Siegrist (2021).

5.4. Incorporation of Behavioural Economics Key Principles into Al Systems

The fourth research category of this investigation centred on understanding how having small
changes in the way choices are presented could affect someone’s decisions when utilising
computer programs or apps. That way it would make it possible to better understand what

factors could influence, either positively or negatively, people’s perception of an ad or website.
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Table 5. 6 - Impact of choice architecture on decision making on Al systems

Text Generic Subcategory Times Interviewees
Category mentioned

User  experience
pertaining the good
practices in
websites and apps
such as payment 2.2 2.2.1 6 1,2,4,5,6,12
methods, after sales
and delivery
experience and
logistics

Simplification  of
the website and app 2.2 2.2.1 5 2,5,7,9,11
design

Aligning the
website and app
layout considering
metrics analysis

2.2 2.2.1 4 3,4,8,15

Overexposure  to

2.2 2.2.1 3 7,9,14
ads

Having an app or
mobile friendly 2.2 2.2.1 2 7,10
website

Usage of video and

. 2.2 2.2.1 2 11,13
images

Application of
behavioural biases
in the design of
websites and apps

2.2 2.2.1 1 2

Source: Self-Elaborated

Table 5.6 provides an overview of the interviewees' opinions on the relevance of these
changes and details, with the most considered answer among the interviewees, 6 out of 15,
being the overall experience while using a website or app. The various answers presented,
pertained to the payment method options, the after sales experience like adequate products or
services recommendations, careful monitoring of the shipment process, efficient and timely
delivery and logistics associated, as defended by Asiegbu (2012) and Albert and Tulli (2013).
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The simplification of the website and app design was the next most answered response, with
the respondents emphasising how the layout of all the apps and websites features made it easier
and more intuitive to navigate it, therefore making it more likely for them to complete a
purchase, an opinion also shared by Djamasbi (2016).

According to Albert & Tullis (2013) and Babatunde et al., (2024), the utilisation of metrics
in order to better understand and analyse consumers behaviour online is crucial and this view
was outlined by 4 out 15 interviewees who stated that this utilisation of metrics analytics such
as the screen mapping of where people show the most interest or pay more attention, utilisation
of words, terms or references to something that is trendy and on vogue at the time and
adaptation to the target age groups, was a pivotal factor for decision making. Some respondents
mentioned the overexposure to ads as having a negative impact when utilising computer
programs or apps, stating that it caused feelings of discomfort, anger and annoyance, leading
them to abandon the website or app more quickly, as noted by Davenport et al., (2019) and
Campbell et al., (2020). With the evolution of internet and e-commerce, the ever-growing
utilisation of apps websites on cell phones seems logical, with 2 respondents stating that having
an app or mobile friendly website could be the difference between finalising a purchase or
revisiting the brands online outlet, as defended by Hajdas et al., (2022). Two other interviewees
indicated that the utilisation of video and images, meant that the consumer would be more
engaged and drawn to the website and app, as this is more attractive and entertaining, as stated
by Djamasbi (2016). A singular respondent mentioned that the application of behavioural

biases in the construction of websites and apps could lead to better results and outcomes.

5.5. The influence of Al Powered Personalization in the consumer decision process

The fifth and last general research category of this investigation aimed to understand to what
extent leveraging Al's advanced data analysis capabilities alongside insights from Behavioural
Economics, would make possible the design of interventions that effectively account for
cognitive biases and natural decision-making tendencies. Al's ability to process vast amounts
of data, identify patterns, predict outcomes, and provide real-time feedback would only enhance
the impact of Behavioural Economics, allowing for the continuous testing, refining, and
personalization of decision environments but also ensure that interventions are both more

targeted and effective.
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Table 5.7 - Benefits of Al integration in Behavioural Sciences

Generic Times i

Text Category Subcategory mentioned Interviewees
processes 23 2.3.1 13 10,11,12,13,
simplification of 1415
repetitive tasks ’
Enhancement of
consumer
|nS|ghts_anc_I ad 23 231 7 1,2,3,8,11,13,
personalization 15
through data
utilisation
Foste_rs_ greater 23 231 7 3,5,6,7,10,12,
creativity 13
More effective
application  of
cognitive biases
and

. 2.3 2.3.1 5 1,2,3,11,15

psychological
and economic
theories in
advertising
Easier access to 2.3 231 4 1,313,14
information

Source: Self-Elaborated

Table 5.7 presents the main benefits and advantages of the respondents when utilising
Artificial Intelligence in their daily lives, while also establishing a connection to potential
applications of Behavioural Economics. The automation of processes and simplification of
repetitive tasks was the most unanimous answer, with 13 out of 15 interviewees mentioning
that this functionality was one of the key advantages when using Al for the completion of
activities, as supported by Campbell et al., (2020) and Pagani & Wind (2024). The rise of
Artificial Intelligence has translated into an easier and more thorough access to information and
details of consumers, leading to a more enhanced customer experience and personalised
services as mentioned by Evans & Ghafourifer (2019); Ameen et al., (2021); Jain et al., (2024)
and Pagani & Wind (2024). This notion was signalled by 7 interviewees, who highlighted that

the integration of Behavioural Economics in these inputs could lead to greater results and an
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even more optimised outcome. With the same number of responses, the idea that implementing
Al in everyday usage leads to greater creativity as defended by Pagani & Wind (2024). The
respondents defended that utilising Al helped aid their creative process by enhancing their own
ideas or helping generate others, ultimately leading to better and more engaging results. The
advantages of using Al in advertising with customers being more demanding and companies
utilising this newfound data, has led to a redefinition of customer-business dynamics, as
identified by Ameen et al., (2021). This concept was mentioned by 5 respondents who
highlighted that the integration of Al in this field translates to a more efficient application of
cognitive biases and psychological and economic theories in advertising, once again
establishing a new opportunity for the application of B.E theories and concepts. The insight
that Al utilisation means having an easier access to information, as stated by Campbell et al.,
(2020), was shared by 4 interviewees, who observed that not only it saved time but also
provided more complete and trustworthy information, while also emphasising the importance

of curating information.
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Chapter 6 - Conclusion

6.1. Final Considerations

Taking in consideration the previous analysis of data gathered from both interviewees and the
considerations done by researchers regarding the topics of Artificial Intelligence, Marketing
and Behavioural Economics, this final chapter aims to summarise the pivotal findings of this
investigation. The topic of Artificial Intelligence has been studied for many years, but in today’s
day and age, this field has gained traction and more attention. Equally, the topic of Marketing
has been gaining popularity amongst researchers with the evolution of social media and e-
commerce demanding the optimization of this field. Additionally, the topic of Behavioural
Economics has been attracting interest in the scientific field, as it has immense potential for
application in various different fields.

Primarily, the first research question of this investigation intended to understand how the
personalization powered by Al, influences consumers decision-making processes and choices.
In order to get a clear understanding of this matter, the interviewees were asked not only about
how Al personalization affected the way people make decisions when shopping online or using
apps, but also to give more practical examples of situations where this happens. From the
interviews conducted it was possible to infer that 60% of the respondents believed that this
recommendation was effective, as usually it was possible to denote that they would have ads
related to previous shopping and search history patterns, therefore making the ads they receive
more adequate. A percentage of 27 respondents believe that this personalization leads to a
greater consumer engagement throughout the customer journey, while the same percentage
supports that it helps reach the right target audience. Only about 13% considered that this
technology makes the consumer more impulsive, since the ads are more targeted and
personalised, and about 7% of the interviewees acknowledged that it could increase the brand
visibility. Overall, this personalization allows consumers to improve targeting, engagement,
drives impulsive buying, and boosts brand visibility.

When looking at the answers given by the respondents about the examples where it is
noticeable the influence of this Al-driven personalization in the customer behaviour, the vast
majority of the interviewees, about 53%, mentioned online fashion retail stores. All of these
respondents indicated that their personal experiences with online retail fashion stores provided
adequate recommendations and options that positively influenced their clothing purchases.

About a third of the respondents alluded to online grocery shopping apps and websites, stating
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that these websites allowed them to go through previous purchased items and be informed about
new ones that fit their personal preferences. Some of the interviewees, about 20%, mentioned
as an example the sponsored ads when utilising social media, while 13% mentioned the
recommendation seen in streaming services or platforms. Only about 7% indicated the
recommendations utilised in online travel agencies and engines.

The goal of the second research question was to understand how businesses are able to
implement Al personalization in their marketing strategies and what are the challenges they
face in doing so. In order to garner these answers, the interviewees were asked to give examples
of how businesses are using personalised recommendations to promote their products or
services, with the majority of the respondents, about 53%, stating that product engine
recommendations are the most common example, since this technology assists marketers reach
the right audience and consumers by discovering the right products, leading ultimately to more
efficiency and customer satisfaction. About 47% of the interviewees indicated that remarketing
was a relevant example since this strategy enables marketers to re-engage with visitors and
recurrent consumers, while only 20% of the respondents referenced the technology of search
engine optimization. Roughly 13% of interviewees highlighted the usage of Dynamic Creative
Optimization, while 7% picked the example of utilising Al personalization to aid in the
recommendation of keywords for ad design. Also, about 7% of the interviewees, opted for
utilising this technology to assist in recommendations of platform design.

In order to further delve into this research question, the respondents were asked to
indicate what are the challenges and obstacles that businesses face while trying to implement
Al personalization in their marketing strategies, with the highest percentage of respondents,
about 47%, mentioning the difficulties that this technology has in showcasing ads that are
aligned with the consumers interests and needs, highlighting the display of ads that are their
irrelevant or that no longer make sense to the user. The difficulties when handling these
technologies and lack of knowledge on the subject was the next most common answer, with
40% of the respondents mentioning that many marketing professionals lack the know-how and
expertise to handle and maximise the potential of this technology. About a third of the
interviewees noted that the lack of humanization associated with this technology was still a
barrier for both professionals and consumers, with also a third of the respondents mentioning
the legal and ethical issues that arise when handling personal data of the consumers. The high
implementation costs associated with the integration of this technology in businesses was
referenced by 27%, which was also the same percentage of respondents that mentioned the

resistance from companies in implementing these technologies. Only about 20% of the
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interviewees noted the deficiency in the accuracy of the information presented when utilising
Al, and, lastly, 7% of the respondents indicated the malfunctioning and bugs as a constraint
when using this technology.

In line with the purpose of this investigation, the third research question was designed
to explore how there could be an integration of various key principles of behavioural economics
into Artificial Intelligence personalization theories and concepts. To enable the gathering of
this information, the interviewees were asked to name behavioural economics theories that they
deemed appropriate when in conjunction with marketing theories, with the vast majority of the
respondents, 60%, stating that they utilised and thought the best way to potentialize its
utilisation was by combining various theories and concepts. The theory of loss aversion was
mentioned by a fifth of the interviewees, with the sunk cost fallacy and the prospect theory also
being mentioned the same amount of times. The social proof concept was highlighted by 13%
of the respondents, and lastly the rational choice theory, the nudge theory and heuristics were
all mentioned by 7% of interviewees.

Considering the investigation's purpose to also explore how can these behavioural
economics principles be effectively incorporated into Al-powered personalization algorithms
and systems, the fourth research question was formulated with the interviewees being inquired
to give examples on how changes in choice presentation could impact someone’s decision
process when utilising programs or apps. The great majority of the respondents, 40%, stated
that the user experience pertaining to good practices such as the payment methods, the after
sales and delivery experience and the logistics when utilising an app or websites was the most
influential aspect and was directly correlated with the user’s final decision or impression. About
a third of the respondents mentioned the simplification of the website and app design, while
27% of the interviewees highlighted the alignment of the website and app with metrics analysis.
The overexposure to ads having a negative effect on consumers opinions on a website or app
was remarked by 20% of the respondents, while 13% pointed out that having an app or mobile
friendly website would positively impact the consumer. The same percentage of 13% of the
interviewees highlighted that using videos and images attracts customers visually and finally
about 7% of the respondents referenced that the application of behavioural biases in the design
of apps and websites would be beneficial and garner positive results.

Taking into account the investigation’s aim to also examine what are the benefits that
arise from the integration of Al with Behavioural Economics, making it possible to better
design effective interventions that account for cognitive biases and decision-making

tendencies, the last and fifth research question was created and it garnered information by
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inquiring the respondents what are the main benefits that could be extracted when utilising Al,
with the overwhelming majority of the respondents, about 87%, mentioning the automation of
processes and simplification of repetitive tasks. About 47% of the interviewees highlighted the
enhancement of consumer insights and ad personalization through data utilisation, with the
same percentage of respondents mentioning the amplification of creativity. About a third of the
respondents referenced how the utilisation of Al translated into a more effective application of
cognitive biases and psychological and economic theories in advertising and lastly around 27%
of the interviewees noted the easier access to information.

Altogether, taking in consideration all of the content reviewed and analysed throughout this
investigation, it is apparent that the study of Artificial Intelligence has deepened in recent years,
with its integration into marketing strategies becoming increasingly prevalent. Similarly,
Behavioural Economics has gained significant attention from researchers, making this
investigation a timely exploration of three emerging fields.

This study had the aim to delve into the intricate nexus of Al-Powered personalization via
the lens of behavioural economics while also exploring the link between cutting-edge
technology and the insights offered by behavioural economics principles, resulting in the five
research questions indicated in the Methodology chapter. The research model of this
investigation was shaped by its exploratory nature, which required one-on-one semi-structured
interviews. This approach allowed interviewees the flexibility to go beyond the interview script,
therefore enabling the collection of more in-depth information than would be possible with
structured interviews. However, it is important to note that the sample size is too small to allow
for broad generalisations or extrapolated conclusions.

As aresult, the major takeaways from the first research question that intended to understand
how the personalization powered by Al influences consumers decision-making processes and
choices, was that this personalization was effective and an important influencer, with multiple
industry platforms being vessels of said influence.

For the second research question, it was possible to denote that businesses effectively
implement Al personalization in their marketing strategies by leveraging various supporting
technologies. However, the main challenges identified include the technology's occasional
inefficacy in displaying relevant ads to consumers and the lack of expertise and knowledge
among professionals in managing these tools.

In view of the third research question, that aimed to understand how there could be an

integration of key principles of Behavioural Economics, the significant finding was that
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combining multiple theories proved to be the most effective approach, with interviewees also
highlighting several theories and concepts they considered relevant.

From the fourth question, which intended to explore how these behavioural economics
principles could be effectively incorporated into Al Powered personalization algorithms and
systems, the primary conclusions indicated that the presentation of choices to consumers
significantly impacts decision-making, with the overall user experience and best practices on
websites being crucial, along with the simplification of the website or app.

Considering the fifth research question, that sought to examine the benefits of the
integration of Al with Behavioural Economics are, the key observations revealed significant
advantages from this combination, with the most notable benefits including the simplification
of repetitive tasks and automation processes, as well as enhanced consumer insights derived

from data utilisation.

6.2. Theoretical and Practical Implications

As previously mentioned, the intersection between Behavioural Economics, Marketing and Al
is a relatively new area in literature, with additional studies being necessary to fully understand
its possible impact on organizations, including how these consumer-centred marketing
strategies can be more effective. Numerous questions in this field remain open, with this study
being possibly helpful in clarifying some of these issues, offering guidance and proposing new
directions for future research.

Furthermore, this study can help current and future marketing professionals reflect on ways
in which these strategies can be integrated in businesses and improve their performance.
Marketeers may evaluate their approach towards the strategies, considering both benefits and

challenges shared by the interviewees

6.3. Limitations

This investigation was based on a review of existing literature and the primary data was
gathered from interviews. The main limitation of this research is the small sample size of the
interviewees. Even though the findings align with previous studies done on the subject, caution
is advised when extrapolating results from the interview data. Additionally, it is important to
emphasise that this is an exploratory study, and due to the limited sample size, the findings

should not be generalised or considered representative.
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6.4. Suggestions for Future Research

The topic of Artificial Intelligence and its effects on daily life has gained significant attention
recently. Furthermore, the marketing landscape has been rapidly evolving, driven by the growth
of e-commerce and social media. For that reason, the addition of Behavioural Economics, aims
to potentialize the usage of both these topics, thus my recommendation would be to further
focus on this area of study.

The first recommendation addresses the primary limitation of this research, the small
sample size and, for that reason, | consider that it would be advantageous to expand the study
in order to include a significantly larger sample size. Another suggestion is to further explore
the topic of Behavioural Economics across different sectors, as it would be beneficial for the
field to see the extent of its potential. Additionally, although Artificial Intelligence has been
studied more thoroughly over the past years, | still find the continuation of the study of this
field crucial.

Lastly, my final recommendation pertains to the study and investigation of the
improvements and suggestions made by the interviewees about what they would like to see

implemented and updated in the field of Artificial Intelligence, that is on Annex B.

56



References

Abrardi, L., Cambini, C., & Rondi, L. (2022). Artificial intelligence, firms and consumer
behavior: A survey. Journal of Economic Surveys, 36(4), 969-991.

Ajzen, 1. (2008). Consumer attitudes and behavior. Handbook of consumer psychology, 1,
525-548.

Akter, S., Hossain, T. M. T., & Strong, C. (2021). What omnichannel really means?. Journal
of Strategic Marketing, 29(7), 567-573.

Albert, B., & Tullis, T. (2013). Measuring the user experience: collecting, analyzing, and
presenting usability metrics. Newnes.

Almukhtar, F., Mahmoodd, N., & Kareem, S. (2021). Search engine optimization: a review.
Applied computer science, 17(1), 70-80.

Ameen, N., Tarhini, A., Reppel, A., & Anand, A. (2021). Customer experiences in the age of
artificial intelligence. Computers in human behavior, 114, 106548.

Anayat, S., Rasool, G., & Pathania, A. (2023). Examining the context-specific reasons and
adoption of artificial intelligence-based voice assistants: A behavioural reasoning theory
approach. International Journal of Consumer Studies, 47(5), 1885-1910.

André, Q., Carmon, Z., Wertenbroch, K., Crum, A., Frank, D., Goldstein, W., ... & Yang, H.
(2018). Consumer choice and autonomy in the age of artificial intelligence and big data.
Customer needs and solutions, 5, 28-37.

Aouijil, Z., Hanine, M., Flores, E. S., Samad, M. A., & Ashraf, I. (2023). Artificial Intelligence
and Behavioral Economics: A Bibliographic Analysis of Research Field. IEEE Access.

Arnott, D., & Gao, S. (2019). Behavioral economics for decision support systems
researchers. Decision Support Systems, 122, 113063.

Arya, V., Sethi, D., & Paul, J. (2019). Does digital footprint act as a digital asset?>-Enhancing
brand experience through remarketing. International Journal of Information
Management, 49, 142-156.

Asaju, B. J. (2024). Standardization and regulation of VV2X cybersecurity: analyzing the current
landscape, identifying gaps, and proposing frameworks for harmonization. Advances in
Deep Learning Techniques, 4(1), 33-52.

Asiegbu, 1. F., Powei, D. M., & Iruka, C. H. (2012). Consumer attitude: Some reflections on its
concept, trilogy, relationship  with  consumer behavior, and marketing
implications. European Journal of Business and Management, 4(13), 38-50.

Baardman, L., Fata, E., Pani, A., & Perakis, G. (2021). Dynamic creative optimization in online
display advertising. Available at SSRN 3863663.

Babatunde, S. O., Odejide, O. A., Edunjobi, T. E., & Ogundipe, D. O. (2024). The role of Al
in marketing personalization: a theoretical exploration of consumer engagement
strategies. International Journal of Management & Entrepreneurship Research, 6(3),
936-949.

Banal-Estanol, A., & Micola, A. R. (2011). Behavioural simulations in spot electricity
markets. European Journal of Operational Research, 214(1), 147-159.

Bardin, L. (2018). Analise de Conteudo (E. 70, Ed.).

Bell, J., & Waters, S. (2018). Doing Your Research Project: A guide for first-time
researchers. McGraw-hill education (UK).

Berg, L. (2014). Who benefits from behavioural economics?. Economic Analysis and
Policy, 44(2), 221-232.

Bi, M., Kovalenko, I., Tilbury, D. M., & Barton, K. (2024). Dynamic distributed decision-
making  for resilient resource reallocation in  disrupted manufacturing
systems. International Journal of Production Research, 62(5), 1737-1757.

57



Bridge, S. (2010). The Social Dimension. In Rethinking Enterprise Policy. Palgrave
Macmillan.

Buturak, G., & Evren, O. (2017). Choice overload and asymmetric regret. Theoretical
Economics, 12(3), 1029-1056.

Camerer, C. (1999). Behavioral economics: Reunifying psychology and
economics. Proceedings of the National Academy of Sciences, 96(19), 10575-10577.

Campbell, C., Sands, S., Ferraro, C., Tsao, H. Y. J., & Mavrommatis, A. (2020). From data to
action: How marketers can leverage Al. Business horizons, 63(2), 227-243.

Chandra, S., Verma, S., Lim, W. M., Kumar, S., & Donthu, N. (2022). Personalization in
personalized marketing: Trends and ways forward. Psychology & Marketing, 39(8), 1529-
1562.

Chui, M., Manyika, J., Miremadi, M., Henke, N., Chung, R., Nel, P., & Malhotra, S. (2018).
Notes from the Al frontier: Insights from hundreds of use cases. McKinsey Global
Institute, 2.

Cialdini, R. B., Wosinska, W., Barrett, D. W., Butner, J., & Gornik-Durose, M. (1999).
Compliance with a request in two cultures: The differential influence of social proof and
commitment/consistency on collectivists and individualists. Personality and Social
Psychology Bulletin, 25(10), 1242-1253.

Craig, S., Pinero, L., Terry, A., & Lindsey, B. (2024, March). Automation—Continuing to
Improve Service Delivery of Coiled Tubing Operations. In SPE/ICoTA Well Intervention
Conference and Exhibition (p. D011S002R001). SPE.

Davenport, T., Guha, A., Grewal, D., & Bressgott, T. (2020). How artificial intelligence will
change the future of marketing. Journal of the Academy of Marketing Science, 48, 24-42.

De Bruyn, A., Viswanathan, V., Beh, Y. S., Brock, J. K. U., & Von Wangenheim, F. (2020).
Artificial intelligence and marketing: Pitfalls and opportunities. Journal of Interactive
Marketing, 51(1), 91-105.

Dellaert, B. G., Shu, S. B., Arentze, T. A., Baker, T., Diehl, K., Donkers, B., ... & Steffel, M.
(2020). Consumer decisions with artificially intelligent voice assistants. Marketing
Letters, 31, 335-347.

Demarque, C., Charalambides, L., Hilton, D. J., & Waroquier, L. (2015). Nudging sustainable
consumption: The use of descriptive norms to promote a minority behavior in a realistic
online shopping environment. Journal of Environmental Psychology, 43, 166-174.

Devang, V., Chintan, S., Gunjan, T., & Krupa, R. (2019). Applications of artificial intelligence
in marketing. Annals of Dunarea de Jos University of Galati. Fascicle I. Economics and
Applied Informatics, 25(1), 28-36.

Dinh, T. C. T., & Lee, Y. (2022). “I want to be as trendy as influencers”—how “fear of missing
out” leads to buying intention for products endorsed by social media influencers. Journal
of Research in Interactive Marketing, 16(3), 346-364.

Djamashi, S., Chen, P., Shojaeizadeh, M., & Rochford, J. (2016). Text simplification and
generation Y: an eye tracking study.

Djamasbi, S., Rochford, J., DaBoll-Lavoie, A., Greff, T., Lally, J., & McAvoy, K. (2016). Text
simplification and user experience. In Foundations of Augmented Cognition:
Neuroergonomics and Operational Neuroscience: 10th International Conference, AC
2016, Held as Part of HCI International 2016, Toronto, ON, Canada, July 17-22, 2016,
Proceedings, Part 11 10 (pp. 285-295). Springer International Publishing.

Dold, M. (2023). Behavioural normative economics: foundations, approaches and
trends. Fiscal Studies, 44(2), 137-150.

Duhigg, C. (2012). The power of habit: Why we do what we do in life and business. New York:
Random House.

Dwivedi, Y. K., Hughes, L., Ismagilova, E., Aarts, G., Coombs, C., Crick, T., ... & Williams,

58



M. D. (2021). Artificial Intelligence (Al): Multidisciplinary perspectives on emerging
challenges, opportunities, and agenda for research, practice and policy. International
Journal of Information Management, 57, 101994.

Eisend, M. (2008). Explaining the impact of scarcity appeals in advertising: The mediating role
of perceptions of susceptibility. Journal of Advertising, 37(3), 33-40.

Etzioni, A. (2011). Behavioral economics: Toward a new paradigm. American Behavioral
Scientist, 55(8), 1099-1119.

Evans, M., & Ghafourifar, A. (2019). Build A 5-star customer experience with artificial
intelligence. Hentet fra https://www. forbes. com/sites/allbusiness/2019/02/17/customer-
experienceartificial-intelligence.

Finucane, M. L., Alhakami, A., Slovic, P., & Johnson, S. M. (2000). The affect heuristic in
judgments of risks and benefits. Journal of behavioral decision making, 13(1), 1-17

Frankish, K. (2010). Dual-process and dual-system theories of reasoning. Philosophy
Compass, 5(10), 914-926.

Frederick, S., Loewenstein, G., & O’donoghue, T. (2002). Time discounting and time
preference: A critical review. Journal of economic literature, 40(2), 351-401.

Furnham, A., & Boo, H. C. (2011). A literature review of the anchoring effect. The journal of
socio-economics, 40(1), 35-42.

Gao, Y., & Liu, H. (2022). Artificial intelligence-enabled personalization in interactive
marketing: a customer journey perspective. Journal of Research in Interactive Marketing,
(ahead-of-print), 1-18.

Godefroid, M. E., Plattfaut, R., & Niehaves, B. (2023). How to measure the status quo bias? A
review of current literature. Management Review Quarterly, 73(4), 1667-1711.

Golman, R., Hagmann, D., & Loewenstein, G. (2017). Information avoidance. Journal of
economic literature, 55(1), 96-135.

Gosling, C. J., & Moutier, S. (2019). Is the framing effect a framing affect?. Quarterly journal
of experimental psychology, 72(6), 1412-1421.

Haita-Falah, C. (2017). Sunk-cost fallacy and cognitive ability in individual decision-
making. Journal of Economic Psychology, 58, 44-509.

Hajdas, M., Radomska, J., & Silva, S. C. (2022). The omni-channel approach: a utopia for
companies?. Journal of Retailing and Consumer Services, 65, 102131.

Harinath, K., & Kumaran, M. (2015). Scalable Recommendation Engine for Optimized Product
Discovery. Indian Journal of Science and Technology, 8(29).

Hennink, M., Hutter, ., & Bailey, A. (2020). Qualitative research methods. Sage.

Hepburn, C., Duncan, S., & Papachristodoulou, A. (2010). Behavioural economics, hyperbolic
discounting and environmental policy. Environmental and Resource Economics, 46(2),
189-206.

Hernandez-Cervantes, J. I. (2022). Does Behavioral Economics substitute or complement
Neoclassical Economics? Rethinking the behavioral revolution from a contextualist
approach. Brazilian Journal of Political Economy, 42, 532-549.

Hickman, E., Kharouf, H., & Sekhon, H. (2020). An omnichannel approach to retailing:
demystifying and identifying the factors influencing an omnichannel experience. The
International Review of Retail, Distribution and Consumer Research, 30(3), 266-288.

Huang, A. H., & You, H. (2023). 15. Artificial intelligence in financial decision-
making. Handbook of Financial Decision Making, 315.

Huang, M. H., & Rust, R. T. (2021). A strategic framework for artificial intelligence in
marketing. Journal of the Academy of Marketing Science, 49, 30-50.

Hussain, S., Raza, A., Haider, A., & Ishag, M. 1. (2023). Fear of missing out and compulsive
buying behavior: The moderating role of mindfulness. Journal of Retailing and Consumer
Services, 75, 103512

59



Ingendahl, M., Hummel, D., Maedche, A., & VVogel, T. (2021). Who can be nudged? Examining
nudging effectiveness in the context of need for cognition and need for
uniqueness. Journal of Consumer Behaviour, 20(2), 324-336.

Isoraite, M. (2019). Remarketing features. International Journal of Trend in Scientific
Research and Development (IJTSRD), 3(6), 48-51.

Jain, V., Wadhwani, K., & Eastman, J. K. (2024). Artificial intelligence consumer behavior: A
hybrid review and research agenda. Journal of consumer behaviour, 23(2), 676-697.

Jarrahi, M. H. (2018). Artificial intelligence and the future of work: Human-Al symbiosis in
organizational decision making. Business horizons, 61(4), 577-586.

Kahneman, D. (2003). Maps of bounded rationality: Psychology for behavioral
economics. American economic review, 93(5), 1449-1475.

Kahneman, D. (2011). Thinking, fast and slow. London: Allen Lane.

Kahneman, D., & Tversky, A. (1979). Prospect Theory: An Analysis of Decision under
Risk. Econometrica, Econometric Society, 47(2), 263-291.

Konigstorfer, F., & Thalmann, S. (2020). Applications of Artificial Intelligence in commercial
banks—A research agenda for behavioral finance. Journal of behavioral and experimental
finance, 27, 100352.

Kopalle, P.K., Gangwar, M., Kaplan, A., Ramachandran, D., Reinartz, W., & Rindfleisch, A.
(2022). Examining artificial intelligence (Al) technologies in marketing via a global lens:
Current trends and future research opportunities. International Journal of Research in
Marketing, 39(2), 522-540.

Kumar, V., Ramachandran, D., & Kumar, B. (2021). Influence of new-age technologies on
marketing: A research agenda. Journal of Business Research, 125, 864-877.

Laibson, D., & List, J. A. (2015). Principles of (behavioral) economics. American Economic
Review, 105(5), 385-390

Lee, S. Y., & Seidle, R. (2012). Narcissists as consumers: The effects of perceived scarcity on
processing of product information. Social Behavior and Personality: an international
journal, 40(9), 1485-1499.

Legg, S., & Hutter, M. (2007). A collection of definitions of intelligence. Frontiers in Artificial
Intelligence and applications, 157, 17.

Loomes, G. (2010). prospect theory. In Behavioural and Experimental Economics (pp. 212-
220). London: Palgrave Macmillan UK.

Lu, Y. (2019). Artificial intelligence: a survey on evolution, models, applications and future
trends. Journal of Management Analytics, 6(1), 1-29.

Malle, B. F., Scheutz, M., Arnold, T., Voiklis, J., & Cusimano, C. (2015, March). Sacrifice one
for the good of many? People apply different moral norms to human and robot agents. In
Proceedings of the tenth annual ACM/IEEE international conference on human-robot
interaction (pp. 117-124).

Manuel Da, J., Vilelas, S., Vermelha, C., & Diretor, P. (n.d.). Investigacdo O Processo de
Construgdo do Conhecimento em Saude Escolar e Doutor em Psicologia da Saude.
Professor Coordenador na Escola Superior de Saude da OrientacBes sobre pesquisa em
bases de dados cientificas Etapas das revisdes sistematicas e integrativas da literatura.

Mills, S. (2022). Personalized nudging. Behavioural Public Policy, 6(1), 150-159.

Montgomery, A. L., & Smith, M. D. (2009). Prospects for Personalization on the
Internet. Journal of Interactive Marketing, 23(2), 130-137.

Mullainathan, S., & Thaler, R. H. (2000). Behavioral economics.

Neurauter, C. (2022). The future of grocery stores: Omnichannel and Al technologies and Next-
Generation Brick-and-Mortar Grocery Stores (Doctoral dissertation).

Okorie, G. N., Egieya, Z. E., Ikwue, U., Udeh, C. A., Adaga, E. M., DaraOjimba, O. D., &

60



Oriekhoe, O. 1. (2024). LEVERAGING BIG DATA FOR PERSONALIZED
MARKETING CAMPAIGNS: A REVIEW. International Journal of Management &
Entrepreneurship Research, 6(1), 216-242.

Olan, F., Suklan, J., Arakpogun, E. O., & Robson, A. (2021). Advancing consumer behavior:
The role of artificial intelligence technologies and knowledge sharing. IEEE Transactions
on Engineering Management.

Overgoor, G., Chica, M., Rand, W., & Weishampel, A. (2019). Letting the computers take over:
Using Al to solve marketing problems. California Management Review, 61(4), 156-185.
Pachauri, M. (2001). Consumer behaviour: a literature review. The Marketing
Review, 2(3), 319-355.

Pagani, M., & Wind, Y. (2024). Unlocking Marketing Creativity Using Artificial Intelligence.
Journal of Interactive Marketing, 10949968241265855.

Pallier, G., Wilkinson, R., Danthiir, V., Kleitman, S., Knezevic, G., Stankov, L., & Roberts, R.
D. (2002). The role of individual differences in the accuracy of confidence judgments. The
Journal of general psychology, 129(3), 257-299.

Pereira, A. M., Moura, J. A. B, Costa, E. D. B., Vieira, T., Landim, A. R., Bazaki, E., &
Wanick, V. (2022). Customer models for artificial intelligence-based decision support in
fashion online retail supply chains. Decision Support Systems, 158, 113795.

P&S Intelligence. (2020). Voice assistant market to generate revenue worth $26,872.6 million
by 2030. Prescient & Strategic Int

Qi, J., Han, Z., & Zhong, H. (2023). Behavioural economics theories in information-seeking
behaviour research: A systematic review. Journal of Librarianship and Information
Science, 09610006231219246.

Rabin, M. (1998). Psychology and economics. Journal of economic literature, 36(1), 11-46.

Read, D., Loewenstein, G. and Rabin, M. (1998). Choice bracketing. unpublished working
paper, Carnegie MellonUniversity.

Reis, O., Eneh, N. E., Ehimuan, B., Anyanwu, A., Olorunsogo, T., & Abrahams, T. O. (2024).
PRIVACY LAW CHALLENGES IN THE DIGITAL AGE: A GLOBAL REVIEW OF
LEGISLATION AND ENFORCEMENT. International Journal of Applied Research in
Social Sciences, 6(1), 73-88.

Roethke, K., Klumpe, J., Adam, M., & Benlian, A. (2020). Social influence tactics in e-
commerce onboarding: The role of social proof and reciprocity in affecting user
registrations. Decision Support Systems, 131, 113268.

Rosa, A., Bento, T., Pereira, L., Costa, R. L. D., Dias, A., & Goncalves, R. (2022). Gaining
competitive advantage through artificial intelligence adoption. International Journal of
Electronic Business, 17(4), 386-406.

Russell, S. J. (2010). Artificial intelligence a modern approach. Pearson Education, Inc..

Sadeghian, A. H., & Otarkhani, A. (2023). Data-driven digital nudging: a systematic literature
review and future agenda. Behaviour & Information Technology, 1-29.

Saibaba, S. (2022). A Study on the Influence of Smartphone Addiction, Social Media
Addiction, Fear of Missing Out (FOMO) and Impulsive Buying Behavior on Online
Compulsive Buying Behavior of Young Consumers in India.

Santoro, G., Jabeen, F., Kliestik, T., & Bresciani, S. (2024). Al-powered growth hacking:
benefits, challenges and pathways. Management Decision.

Schiffman, L., O'Cass, A., Paladino, A., & Carlson, J. (2013). Consumer behaviour. Pearson
Higher Education AU.

Schmidt, A. T., & Engelen, B. (2020). The ethics of nudging: An overview. Philosophy
compass, 15(4), e12658.

Sethna, Z., & Blythe, J. (2019). Consumer behaviour. Sage.

Shi, S., Wang, Y., Chen, X., & Zhang, Q. (2020). Conceptualization of omnichannel customer

61



experience and its impact on shopping intention: A mixed-method approach. International
Journal of Information Management, 50, 325-336.

Siegrist, M. (2021). Trust and risk perception: A critical review of the literature. Risk
analysis, 41(3), 480-490.

Slovic, P. (1967). The relative influence of probabilities and payoffs upon perceived risk of a
gamble. Psychonomic Science, 9(4), 223-224.

Solis, B. (2017). Extreme personalization is the new personalization: How to use Al to
personalize consumer engagement. Forbes.

Susser, D., & Grimaldi, V. (2021, July). Measuring automated influence: between empirical
evidence and ethical values. In Proceedings of the 2021 AAAI/ACM Conference on Al,
Ethics, and Society (pp. 242-253).

Thaler, R. H. (1999). Mental accounting matters. Journal of Behavioral decision
making, 12(3), 183-206.

Thaler, R. H., and Sunstein, C. (2008). Nudge - Improving Decisions About Health, Wealth
and Happiness. London: Penguin Books.

Tomer, J. F. (2007). What is behavioral economics?. The Journal of Socio-Economics, 36(3),
463-479.

Tseng, M. M., & Jiao, J. (2001). Mass customization. Handbook of industrial engineering, 3,
684-7009.

Tversky, A., & Kahneman, D. (1974). Judgment under uncertainty: Heuristics and
biases. Science (New Series), 185, 1124-1131.

Verma, S., Sharma, R., Deb, S., & Maitra, D. (2021). Artificial intelligence in marketing:
Systematic review and future research direction. International Journal of Information
Management Data Insights, 1(1), 100002.

Vesanen, J., & Raulas, M. (2006). Building bridges for personalization: a process model for
marketing. Journal of Interactive marketing, 20(1), 5-20.

Vilelas, J. (2020). Investigagéo o Processo de Construgdo do Conhecimento (3rd ed.). Silabo

Von der Weth, C., Abdul, A., Fan, S., & Kankanhalli, M. (2020, October). Helping users tackle
algorithmic threats on social media: a multimedia research agenda. In Proceedings of the
28th ACM international conference on multimedia (pp. 4425-4434).

VVon Neumann, J., & Morgenstern, O. (1944). Theory of games and economic behavior,
Princeton, 1944. On Decision-making under uncertainty, 285.

Zhang, B., & Sundar, S. S. (2019). Proactive vs. reactive personalization: Can customization
of privacy enhance user experience? International journal of human-computer
studies, 128, 86-99.

Zhou, Z. H. (2021). Machine learning. Springer Nature.

62



Annex A — Interview Script

1) Tell me a bit about your career path in the area of marketing.

2) How do you utilize Al tools in your day-to-day work and how do they affect it?

3) How is Al-powered personalization affecting the way people make decisions when
they’re shopping online or using apps?

4) Can you give any examples where Al-powered personalization has changed the way
people shop or make choices?

5) Can you give examples of how businesses are using personalized recommendations to
promote their products or services?

6) What are the challenges and obstacles that businesses are facing while trying to
implement Al personalization in their marketing strategies?

7) What are the Behavioural Economics factors that could be used to improve the utilization
of Al tools?

8) Can you give examples of how small changes in the way choices are presented could
affect someone’s decisions in computer programs or apps?

9) What are the benefits that you extract from the usage of Al?

10) What advancements do you envision in how computers offer suggestions to
individuals, and what factors do you hope companies will take into account when utilizing Al

to tailor recommendations in the future?

63



64



Annex B — Interviewees envisioning of the future of Al

Strengthening ethical principles in Al use is essential, especially in handling consumer data.
Serious regulations should ensure respect for consumer preferences, transparency, and legal

compliance, prioritizing citizens' rights and ethical standards.

Companies will need to adapt their websites and information-sharing strategies to keep up
with younger audiences who search via social media, Al chats, voice, and images rather than
traditional search engines. New Al-driven tools, like the ability to search directly from video
content, mean that brands will no longer control how their information is presented. This
shift poses a challenge, not due to companies lagging, but because the technology is

advancing so quickly.

Collecting consumer data on habits and interests can improve ad relevance and reduce
overexposure, allowing fewer but more targeted ads. However, companies need to obtain
user consent to access this data and use it ethically. Since Al lacks inherent ethical principles,

human oversight is essential to ensure responsible data usage.

Charging for access could reduce platform clutter by limiting casual users. Additionally,
platforms should allow users to set specific roles (e.g., digital marketing specialist) for more

relevant interactions.

To enhance platform evolution, it's crucial to refine the quality of information available by
eliminating misinformation. If incorrect claims persist, Al may propagate these errors due to

a lack of individual curation, relying instead on collective input.

Improvements in technology will lead to a more omnichannel experience, where tools can
analyse consumer behaviour across various platforms, both online and offline. This would
allow a machine to provide seamless assistance, informing customers about product
availability and streamlining their shopping experience, making it feel like a conversation,

even though it’s automated.

Adding a human component to Al is challenging, and ultimately, users must exercise their
own awareness. Some companies are already creating private Al models, allowing secure
analysis of confidential data—something they wouldn’t do with public tools like ChatGPT

or Google.

Ads should respect user preferences by using skips as feedback. If a user repeatedly skips an

ad after the mandatory few seconds, it indicates a lack of interest, and the ad should stop

being shown to them. This would improve user experience.
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Audio offers a unique, less visually demanding way to engage, with a sense of intimacy that
affects how information is processed neurologically. As investments in audio grow, there’s

still significant potential to explore its integration in various contexts.

There's both curiosity and concern about technology's power to deceive our senses,
potentially altering our perception of reality and relationships. While more recommendation
options can be overwhelming, the goal should be to create recommendations that are

personalized and contextually relevant, respecting human limits in processing information.

66



