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Résumé

L’environnement actuel du commerce électronique expose de plus en plus les
consommateurs a un phénomene appelé « surcharge de choix », faisant référence a un
nombre surchargeant de choix de produits qui entravent le traitement cognitif. Les
méthodes actuellement employées, visant a lutter contre cette surcharge de choix et a
faciliter la prise de décision, grace a des recommandations de produits, sont remises en

question par des résultats empiriques contradictoires.

Ce mémoire par articles répond d’abord a un appel a la recherche en introduisant une
nouvelle méthode d'évaluation plus fiable pour comprendre I’effet des recommandations
sur les résultats décisionnels en contexte de surcharge de choix, et proceéde ensuite a

'application de cette nouvelle approche dans une étude expérimentale quantitative.

Tout d'abord, nous mobilisons une méthodologie DSR (Design Science
Research) pour développer une interface neuro-adaptative, en tirant parti des
neurosciences cognitives et de la technologie BCI (Brain-Computer Interface). Les
résultats de cette recherche englobent le systéme neuro-adaptif qui répond aux exigences
de conception définis au préalable, ainsi qu’une théorie de conception prescriptive, qui
peut dorénavant servir a guider le développement d'artefacts similaires dans le domaine

des systemes d'information (SI).

Les résultats de I’expérimentation subséquente (n=55) révelent que la présentation des
recommandations de produits augmente la perception de surcharge de choix, mais procure
des retombées bénéfiques quant a la prise de décision. De plus, l'approche neuro-
adaptative que nous avons proposée, qui consiste a n'afficher des recommandations qu'en
cas de détection d'une surcharge de choix via un signal neurophysiologique EEG en temps
réel, procure des résultats comparables et parfois méme supérieurs aux stratégies
actuelles, ou les recommandations sont affichées systématiquement a tous les utilisateurs,
sans personnalisation en fonction de la surcharge de choix. Les avantages de ces

recommandations neuro-adaptives sont particuliérement révélés chez certaines catégories



d’utilisateurs : ceux possédant de bas niveaux d’expertise et d’implication, ainsi que chez

ceux ayant des degrés €levés de besoin de cognition et de réactance.

Cette recherche dévoile le potentiel d'utilisation de la technologie neuro-adaptative pour
répondre aux différents besoins d'évaluation dans un contexte de commerce électronique
et ouvre la porte a des solutions alternatives aux recommandations systématiques actuelles

qui manquent de finesse.

Mots clés : commerce électronique, recommandations, interface cerveau-ordinateur,
interface neuro-adaptive, surcharge de choix, charge cognitive, prise de décision, design

science research

Méthodes de recherche: design science research, expérimentation, mesures

neurophysiologiques, recherche quantitative
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Abstract

The current e-commerce landscape increasingly exposes consumers to a phenomenon
called choice overload, referring to an overwhelming number of decision alternatives that
impede cognitive processing. Currently employed methods of combating choice overload
and facilitating decision-making through the display of product recommendations are

being challenged by contradicting empirical findings.

This article-based thesis addresses a call for research by developing a novel, more reliable
evaluation tool to understand the interplay between recommendations and decisional
outcomes, and then proceeds to the application of this new approach in a quantitative

experimental study.

First, we delve into a DSR (Design Science Research) methodology to create a neuro-
adaptive interface, leveraging cognitive neuroscience and BCI (Brain-Computer
Interface) technology. The results of this endeavour comprise the fulfillment of sought-
out design requirements by the system and a prescriptive design theory, which provides

guidance for the development of similar artifacts in the field of IS (Information Systems).

The findings of the subsequent experiment (n=55) reveal that presenting product
recommendations increases the perception of choice overload, but provides beneficial
decisional outcomes. Moreover, our proposed neuro-adaptive approach, consisting of
displaying recommendations only upon detecting choice overload through a real-time
neurophysiological EEG signal, performs similarly optimally and, at times, surpasses
current strategies, consisting of providing recommendations to all users systematically,
without accounting for choice overload. The advantages of these neuro-adaptive
recommendations are particularly highlighted among certain categories of users: those
with low product involvement and expertise, as well as individuals with high need for

cognition and reactance scores.



This research underscores the great potential of applying neuro-adaptive technology to
accommodate for various e-commerce evaluation needs and opens avenues for alternative

solutions to current systematic recommendations that lack nuance.

Keywords: e-commerce, recommendations, brain-computer interface, neuro-adaptive

interface, choice overload, cognitive load, decision-making, design science research

Research methods: design science research, experiment, neurophysiological measures,

quantitative research
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Chapter 1 — Introduction

1.1 Research Context

Within the last few years, the global e-commerce environment has been growing
unprecedentedly, reaching a surge in volumes that was only expected by 2025-2030
(Fabius et al., 2020). Catalyzed by the COVID-19 pandemic (Beckers & Cant, 2023;
Collins & Geist, 2023), broader availability of internet services (Bhatti et al., 2022; Koten,
2023), and improved logistical efficiency (Beckers & Cant, 2023; Torres et al., 2022),
online shopping has expanded beyond urban, affluent consumers (Beckers et al., 2018;
Kirby-Hawkins et al., 2018) and has spread through more diverse sociodemographic
realms (Szasz et al., 2022), spanning older populations and consumers in emerging
economies (Itani & Hollebeek, 2021; Nguyen et al., 2021). While presenting greater
opportunity for online merchants to diversify their product offerings to accommodate for
this more varied customer base, online shoppers are increasingly confronted with the

growing issue known as choice overload.

Choice overload denotes a decision-making process that is too cognitively demanding,
due to the overwhelming number of complex alternatives available (Chernev et al., 2015;
Iyengar & Lepper, 2000; Schwartz, 2016). In the context of e-commerce, this translates
into a consumer’s hindered ability to select a product within the abundant assortment of
choices offered by the current online market (Collins & Geist, 2023; NielsenlQ, 2019).
Stemming from individual limitations in cognitive workload capacity (Malhotra, 1982;
Sweller, 1988, 2011), the phenomenon of choice overload has been linked to elevated
cognitive load (Deck & Jahedi, 2015; Fehrenbacher & Djamasbi, 2017; Peng et al., 2021),
or an undue mental effort (Paas et al., 2003; Reutkaja et al., 2021; Sweller et al., 1998).
While a certain level of heightened cognitive load is essential for task completion
(Reutkaja et al., 2021), an excessive cognitive load impedes information processing,
compromising on decision accuracy and adversely impacting decision-makers’ emotional
states (Allen et al., 2014; Bigras et al., 2019; Collins & Collins, 2021; Deck & Jahedi,
2015).



In the realm of e-commerce, when online shoppers are faced with choice overload, they
have been shown to experience higher levels of frustration (Deng & Poole, 2010; Haynes,
2009; Lee & Lee, 2004), dissatisfaction (Diehl & Poynor, 2010; Huber et al., 2012; Lee
& Lee, 2004), regret (Gourville & Soman, 2005; Hassan et al., 2019) and a lack of
confidence in their selected option (Calvo et al., 2022; Lee & Lee, 2004; Zhang et al.,
2018). Moreover, research reveals that choice overload may impede decision-making to
a point that online shoppers may select less optimal products (Arora & Narula, 2018;
Calvo et al., 2022; Deck & Jahedi, 2015), or even resort to avoiding the decision
altogether, either through delay (Kurien et al., 2014) or abandonment (Iyengar & Lepper,
2000; Kuksov & Villas-Boas, 2009; Ozkan & Tolon, 2015) of their purchase.

To mitigate these impeding effects of choice overload, over two thirds of online retailers
provide users with personalized product recommendations to aid them in their decision-
making (Aljukhadar et al., 2012; Dellaert & Héubl, 2012). However, research surrounding
current recommendations systems reveals contradicting findings. Despite some studies
yielding positive results from the use of recommendations in online decision-making
(Aljukhadar et al., 2012; Dellaert & Hé&ubl, 2012), others have unveiled opposing
outcomes, suggesting that recommendations, on the opposite, deterred decision quality
(Banker & Khetani, 2019; Chen et al., 2022; Dellaert et al., 2017; Xiao & Benbasat, 2018)
and satisfaction (Bollen et al., 2010; Willemsen et al., 2016), and amplified choice
overload (Bollen et al., 2010; Willemsen et al., 2011; Willemsen et al., 2016).

This dichotomy in the literature has spurred the idea that displaying personalized
recommendations may only be beneficial in instances where consumers are actively
experiencing choice overload but prove detrimental in occurrences where users are not
subject to this phenomenon (Haubl & Trifts, 2000; Yan et al., 2016). Yet, canonical
recommendations systems display this decisional aid systematically, failing to distinguish
between the two scenarios. In addition, scholars have underscored the challenges in both
testing and developing a viable solution (Aljukhadar et al., 2012; Appiah Kusi et al., 2022;
Haubl & Trifts, 2000; Yan et al., 2016). Currently utilized methods of assessing choice
overload, either through self-reported measures or neurophysiological tools, only enable

its detection during post-hoc analysis, when the user is no longer interacting with the



system (Antonenko et al., 2010; Fehrenbacher & Djamasbi, 2017; Reutkaja et al., 2021;
Rose, 2005; Zhang et al., 2018; Zhou et al., 2022). Furthermore, an additional layer of
difficulty is imposed by individual differences in cognitive workload capacity, preventing
researchers from determining a universal threshold of choice overload (Appiah Kusi et
al., 2022; Ho et al., 2021; Lurie, 2004; Malhotra, 1982; Sweller, 1988, 2011). Scholars
have therefore emphasized the necessity for improved measurement tools to explore the
double-edged effects of recommendations (Appiah Kusi et al., 2022; Hiubl & Trifts,
2000; Yan et al., 2016), as well as a call for a more nuanced approach to personalize the
interactivity and display of recommendations as a means of alleviating choice overload
and its adverse impact on decision-making (Chen et al., 2009; Jugovac & Jannach, 2017;

Konstan & Riedl, 2012; Patharia & Jain, 2023).

1.2 Study Objectives and Research Questions

From the aforementioned limitations, we identified an opportunity for a meaningful
research contribution in the scope of this article-based thesis. We devised an investigation

whose objective would be twofold.

First, we address the necessity highlighted by researchers for a more reliable method of
evaluating the effects of personalized product recommendations against choice overload
(Aljukhadar et al., 2012; Appiah Kusi et al., 2022; Haubl & Trifts, 2000; Yan et al., 2016).
Our envisioned solution comprised a system that would allow the detection of excessive
cognitive workload, indicative of choice overload (Ariga, 2018; Bawden & Robinson,
2020; Deck & Jahedi, 2015; Fehrenbacher & Djamasbi, 2017; Peng et al., 2021), with
reliable neurophysiological tools in real-time, and provide the user with product
recommendations accordingly. To achieve this, we applied the Design Science Research
(DSR) methodology brought forth by Gregor and Hevner (2013) and Hevner et al. (2004),
and developed an original artifact, leveraging cognitive neuroscience and neuro-adaptive
technology. A neuro-adaptive interface, also referred to as Brain-Computer Interface
(BCI), is a system that continuously monitors an individual’s neurophysiological signal,

and utilizes it as input to initiate an adaptation of the system in real-time (Andreessen et



al., 2021; Krol & Zander, 2017; Wolpaw et al., 2020). Though the application of BClIs
has lately extended beyond their original sphere of biomedical engineering (Krol &
Zander, 2017; Yangyang Miao et al., 2020), to our knowledge, our research constitutes
the first instantiation of this technology in the field of e-commerce. The modality we
selected for neurophysiology was electroencephalography (EEG), given its high temporal
fidelity, customizability, and common application in BCI systems (Arico et al., 2018;
Fernandez Rojas et al., 2020; Guan et al., 2022; Spuler, 2017). The envisioned
contribution was thus twofold. First, creating an artifact to support the problem in e-
commerce research regarding the lack of a rigorous means of evaluating the effect of
product recommendations on consumers’ choice overload. Secondly, contributing to the
body of knowledge in IS through our proof-of-concept, which can serve as a prescriptive
theory (Hevner et al., 2004; Kuechler & Vaishnavi, 2008a) to successfully implement

such an artifact. The first article therefore answers the following research question:

RQ1. How can we address the aforementioned call to research’ by following a DSR
approach while leveraging cognitive neuroscience to develop a real-time neuro-adaptive

interface for e-commerce evaluation?

Second, we proceed to the application of our developed artifact in an investigation aimed
to meet the need raised by academics and industry professionals for a more tailored
solution to replace currently employed indiscriminate recommendations (Chen et al.,
2009; Jugovac & Jannach, 2017; Konstan & Riedl, 2012; Patharia & Jain, 2023). This
experiment also comprises our artifact’s summative assessment phase brought forth by
Gregor and Hevner (2013). Specifically, with the capability of the neuro-adaptive
interface to assess choice overload in real-time and, if detected, respond with
recommendations, we undertake a quantitative empirical study to evaluate this novel
method of displaying recommendations to users. We estimate that this approach could
offer a more nuanced experience by providing recommendations to users experiencing

choice overload and thereby facilitate their decision-making, while refraining from

! This formulation was preserved, based on the original research question from the article. The call for
research being referenced is the need for reliable evaluation tools to assess the effects of recommendations
in instances of choice overload (Aljukhadar et al., 2012; Appiah Kusi et al., 2022; Héaubl & Trifts, 2000;
Yan et al., 2016).



offering recommendations to users not experiencing choice overload, and hence avoid
hindering their decision-making process. The second article (Chapter 3) thus evaluates
decisional outcomes that result from this new dimension of personalization in the display
method of recommendations (Blut et al., 2023; Tsekouras et al., 2022) and answers two
relevant research questions. The first question aims to reveal the direct effects of our

newly proposed recommendations display method:

RQ2. To what extent does a neuro-adaptive interface which detects cognitive load and
provides recommendations accordingly impact users’ decision-making in an online

shopping experience?

Additionally, as existing research highlights the mediating role of choice overload in the
relationship between recommendations and the outcomes of a decision (Chernev et al.,
2015; Scheibehenne et al., 2010), the second research question the article attends to this
consideration. Moreover, scholars have advocated for future research to consider
individual characteristics when assessing recommendations and their effects in the context
of choice overload (Aljukhadar et al., 2017; Appelt et al., 2011; Johnson et al., 2012;
Takemura, 2014; Xiao & Benbasat, 2014). However, studies that holistically integrate
most influential individual differences in evaluating recommendations systems are scant.
This encouraged us to address this second knowledge gap and incorporate this additional

research question in our second article:

RQ3. To what extent consumers' perceptions and individual characteristics influence
their decision-making outcomes when provided with recommendations from a neuro-

adaptive system?

1.3 Thesis Structure

Given that both articles of this paper-based thesis fall under the umbrella of a holistic
research problem, readers may observe redundancy in the introductory sections of every
article, which is nonetheless inevitable and even custom to the iterative approach we

employed (Hevner, 2007; Hevner et al., 2004; Peffers et al., 2008).



The first article (Chapter 2), congruent with the DSR methodological structure (Gregor &
Hevner, 2013; Hevner et al., 2004), presents the research problem, key concepts relevant
to the development of the artifact, and objectives of a solution. Subsequently, it defines
design requirements, and closes with a proof-of-concept demonstration and formative

evaluation of the artifact.

The second article (Chapter 3) presents the findings derived from a summative evaluation
of the constructed artifact, focusing on perceptual and behavioural outcomes. It begins
with an introduction of the research problem, an overview of the state of the art
surrounding the subject, and presents a conceptual framework for a comprehensive
quantitative experiment. It then states the results, discusses theoretical contributions and
practical implications, and concludes with limitations and proposed avenues for future

research.

Chapter 4 serves as a synthesis of the sections preceding it, and summarizes the main

findings from both theoretical and practical perspectives.

The articles of this thesis serve as integral pieces of a large-scale research endeavour of
the Tech3Lab. As data collection from the aforementioned experiment comprised
neurophysiological tools, namely EEG, eye-tracking and facial emotions recognition,
subsequent studies will assess these respective measures to supplement the behavioural
and perceptual findings presented in the second article (Chapter 3). Moreover, the novel
real-time cognitive load classification index developed for the BCI (Chapter 2) will also
be presented in a separate research article. However, both undertakings fall outside of the

scope of this thesis.

14 Information on Article 1

The first article has been submitted and accepted for publication in the proceedings of the
2023 DESRIST (Design Science Research in Information Systems and Technology)
conference. This conference took place between May 31 and June 2, 2023, in Pretoria,
South Africa. The project was presented at the conference and received overwhelmingly

positive feedback and insightful suggestions for optimization and diversification of the



BCls applications, which will be applied to further ideation cycles by this study’s

SuUCCEeSsSors.

Based on the intention of this article to develop a neuro-adaptive artifact, which entails a
multi-component and multi-disciplinary complexity, we opted for a DSR methodology. It
provided us with rigour and structure in defining our design requirements, while allowing
for flexible iteration cycles of various subcomponents of our envisioned solution.
Specifically, we adopted the DSR framework by Peffers et al. (2008) (Figure 1), based
on its widely acknowledged application in IS research (Gregor & Hevner, 2013; van der
Merwe et al., 2020). It also aligned with our needs given its cyclical ideation process and
the possibility of an entry point directly at the objectives of a solution (Peffers et al., 2008;
van der Merwe et al., 2020). This was particularly appropriate for our study since the
research questions had already been established (see “Research questions” section of

Table 1).

Process Iteration

v v ] ]
E Pmble.m I,ienh.ﬁcalmn 2 Ob.]ed““ ol &b ]Ifesm;n any 4. Demonstration 5. Evaluation 6. Communication
and Motivation Solution Development
The growing number of Establish requirements Design-related The functionalities of | Phase 1: The validity Phase 1: Design theory
online products leads to through a Rigor and decisions are the neuro-adaptive and quality of the arti- diffusion through
choice overload and hin- Relevance Cycle (Hevner, | tested through interface are fact 1s shown through publication.
ders consumers’ decision- | 2007) for a product formative testing | demonstrated through | formative testing and a Phase 2: The adaptive
making. Current product recommendations (Gregor & the simulation of an functional “proof-of- interface is applied in
recommendation strategies | evaluation system that uses | Hevner, 2013) online shopping coneept”. e-commerce usability
lack a reliable evaluation neuro-adaptive technology | and internal experience that causes | ppace 2- The utility and testing and is
system to assess their and classification of Design Cycles choice overload. efficacy will be - persoﬁa.lized for
effect on choice overload. | cognitive load in (Hevner, 2007) ated during a summa- various testing needs.

real-time. to implement the tive, empirical experi-
artifact. ment.

:l - Focus of this paper
:l : In progress
l:l - Future work

Entry point:
Objective-Centered
Solution

Figure 1. Design Science Research framework by Peffers et al. (2008) adapted for this research.

During our development, as portrayed in Figure 1, we cycled through various iteration
phases. We engaged in a Rigor Cycle (Hevner, 2007), where we drew upon the existing
body of knowledge and currently employed neuro-adaptive systems to ground our
system’s objectives, a Relevance Cycle (Hevner, 2007; Hevner et al., 2004), where we
assessed and refined our design requirements through a series of formative testing

sessions, and a Design Cycle (Hevner, 2007), where we alternated between ideating our



design-related decisions, implementing them, evaluating outcomes, and refining them

until the solution’s objectives were met. This resulted in the elaboration of the following

design requirements:

10.

An interactive prototype of an e-commerce user interface, susceptible of
inducing choice overload.

A clear, yet non-intrusive display of product recommendations.

An accommodation for distinct experimental conditions for summative testing.
A means of identifying which products to recommend to the user, based on their
personal preferences.

A means of informing the system of which products to recommend to every user.
Measurement of raw neurophysiological data throughout the experiment.

A real-time classification of cognitive load, based on electroencephalographic
(EEG) data.

Continuous transmission of the cognitive load classification to the user interface.
A flexible manipulation of conditions to initiate the presentation of
recommendations.

An ability to record and extract performance and perceptual measures for post-

hoc analyses.

Given that there was no previously available data for manipulation, nor were any

operations or methods of addressing the research problem established in prior work, the

development of the artifact was categorized as a Type 4 research problem (Gregor &

Hevner, 2013; McKenny & Keen, 1974). However, since neuro-adaptive technology has

been applied in other fields, the novelty of our research lay in the unique extension of

such systems into the field of e-commerce. Hence, based on the knowledge contribution

framework (Gregor, 2006; Gregor & Hevner, 2013; Kuechler & Vaishnavi, 2008b), the

sought-out solution constitutes an exaptation, accompanied by a prescriptive design

theory, which could guide future work in the implementation of neuro-adaptive artifacts

1n e-commerce.



1.5 Information on Article 2

The second article presents a summative evaluation of the artifact from Article 1 through
its practical application in consumer behaviour research. Specifically, it assesses the
behavioural (performance) and perceptual impacts of a neuro-adaptive display of product

recommendations through a comprehensive quantitative research experiment.

As such, readers may find the contents to be exhaustive for a standard research paper.
However, the intention behind this extensive evaluation lies in dissecting the results into
subcomponents, to be incorporated with other findings, and subsequently be presented in

multi-study research papers, meant for high impact factor publications.

To empirically evaluate our novel approach of providing recommendations neuro-
adaptively, based on the occurrence of choice overload, the experiment employs a within-

subject study design, with three experimental conditions:

(a) Control, where no recommendations are displayed.

(b) Static, where recommendations are displayed perpetually and systematically,
canon to current recommendations strategies.

(c) Neuro-adaptive, where recommendations are displayed only upon detecting

choice overload, identified through a real-time assessment of cognitive load.

The article explores the connection between these recommendations conditions and
decision-making through the lens of the behavioural decision theory (Simon, 1959),
building on two established models: the cost-accuracy framework (Johnson & Payne,
1985; Payne et al., 1993), a theoretical foundation for understanding the mechanisms in
play in a decision-making process, and the meta-cognitive decision-making model under
information overload (Takemura, 1985, 2014), which complements the former by
acknowledging the context of choice overload and the role of individual characteristics,

which may influence the decision-making process.

These models have also guided the choice of constructs of interest included in this
investigation. Specifically, the article looked at decisional outcomes proposed by Xiao

and Benbasat (2007) in their assessment of recommendations systems (choice

9



satisfaction, choice confidence, decision quality, and decision time), the mediating role of
choice overload (Chernev et al., 2015; Scheibehenne et al., 2010), and predominant
individual characteristics (Aljukhadar et al., 2017; Appelt et al., 2011; Johnson et al.,
2012; Takemura, 2014; Xiao & Benbasat, 2014) that have been shown to moderate
decision-making and the effects of recommendations (compliance with recommendations,
consumer product involvement, product expertise, psychological reactance, and need for

cognition).

By incorporating these measures in its conceptual framework, the article aims to deliver
empirical evidence to support the beneficial outcomes associated with our proposed
method of customizing the display of recommendations based on cognitive load. In doing
so, we seek to resolve the conflicting findings pertaining to recommendations and provide
conclusive insights into the underlying phenomenon. This could finalize the summative
testing phase to assess the effectiveness of our neuro-adaptive artifact, and contribute to
the body of knowledge, serving both researchers and industry stakeholders to foster a
comprehensive understanding of the impact of recommendations in the dynamic e-

commerce decision-making context.

To facilitate readers’ comprehension of extensive sections, concise summaries have been

incorporated throughout the article:

e Figure 7, which illustrates the conceptual framework and included variables.

e Table 4, which outlines the hypotheses that compose our conceptual framework.

e Table 5, which provides a summary of all assessed constructs and measures.

e Table 7, Table 8, Table 9, and Table 10, which specify the results of the
mediation analyses.

e Table 6, Table 11, and Table 12, which encapsulate the conclusions related to
each hypotheses.

e A general discussion further offers a rapid recapitulation of all findings.

10



1.6 Contributions and Responsibilities

As this research has been conducted at the Tech3Lab, many collaborators were
implicated, bringing various degrees of involvement at different stages of this thesis. The

following table summarizes my contributions, based on levels of effort, output, and ideas.

Table 1. Contributions and responsibilities in the realization of this thesis.

Activity Contribution

Research questions | Defining the experimental context, research problem and
questions — 70%
e The research problem existed at the start of the project,
inherited from a previous study.
e Contextualizing the problem and defining the scope of
the research.
e Honing in on the research questions and formulating
the hypotheses and research narrative.

Literature review Conducting relevant research, writing the literature review and
conceptual framework — 100%

Elaborating the conceptual framework — 90%
e Guided by my research supervisors.

Identifying constructs and measures — 60%

e C(Certain constructs and questionnaire items were
reproduced based on results obtained by the
predecessors of my inherited research problem.

¢ Guided by my research supervisors.

Justifying chosen constructs and scales — 100%

Conception and Preparing the ethics request and renewals — 100%

experimental design .. .. .
P & Customizing the participant consent and compensation forms,

based on existing templates — 100%

Conceptualizing the experimental design and operational
stimuli — 60%

11



e (Certain stimuli and elements of the experimental
design were inherited with my research problem.

Composing the experimental protocol — 100%

Preparing the Faraday cage and processing room for data
collection — 25%
e The Tech3Lab operations team set up the software and
equipment required for the experiment.

Developing the neuro-adaptive system artifact — 60%

e Simulink model built by g.tec (the supplier) based on
prerequisites provided by Alexander-John Karran.

e Real-time cognitive workload classification index was
developed in collaboration with Jared Boasen and
Frangois Courtemanche.

o Initial index proposed by Jared Boasen.

o Index adjustments completed in collaboration
with Jared Boasen and Francois Courtemanche.

o Adjustment of index for task specificities
endorsed by Jared Boasen.

o Ideating the classification logic through eight
months of iteration cycles.

o Adjusting the JSON-based rules engine.

e Guiding and supporting the Tech3Lab development
team in creating the user interface.

o Collaborating with Marine Ménoret on the
development of the front-end interface and
Angular]JS MVC application.

o Collaborating with Amine Abdessemed on the
implementation of the communication with the
WebSocket client.

e Creating the database of 360 products and 8 attributes
each to be displayed in the user interface.

Implementing the MADM-SAW calculation function and
enabling its simple input into the user interface — 100%

Pre-tests

Taking charge of the operations during pre-tests — 80%

12




e Francois Courtemanche collaborated during certain
pre-test sessions.

Soliciting, recruiting, and managing pre-test participants for
formative testing (n =42) — 80%
e The Tech3Lab operations team helped in scheduling
participants for pre-test sessions.

Recruitment

Soliciting, recruiting, and managing experiment participants
for summative testing (n = 55) — 90%
e Recruitment facilitated by HEC’s research panel.

Data collection

Generating the study questionnaires on Qualtrics — 100%

Taking charge of the operations and moderating the data
collection — 100%
e Present during all data collection sessions.

Analysis

Extracting and formatting for analysis participants’
performance data from the neuro-adaptive system — 100%

Extracting and formatting for analysis the data from the
Qualtrics questionnaires — 100%

Conducting statistical analyses — 80%
e The Tech3Lab statistician assisted in:
o Guiding me in the choice of statistical software
and models for analysis.
o Normalizing the Leptokurtic distribution of one
of my constructs.

Writing the thesis

Writing the articles and thesis — 100%

e Jared Boasen assumed the role of a mentor through
his precious guidance in writing my first article
(Chapter 2).

e My supervisors supported me throughout the rest of
my writing process and provided their invaluable
feedback to help me improve the quality of my work
(Chapters 1, 3, and 4).
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Abstract

Personalized product recommendations are widely used by online retailers to combat
choice overload, a phenomenon where excessive product information adversely increases
the cognitive workload of the consumer, thereby degrading their decision quality and
shopping experience. However, scientific evidence on the benefits of personalized
recommendations remains inconsistent, giving rise to the idea that their effects may be
muted unless the consumer is actually experiencing choice overload. The ability to test
this idea is thus an important goal for marketing researchers, but challenging to achieve
using conventional approaches. To overcome this challenge, the present study followed a
design science approach while leveraging cognitive neuroscience to develop a real-time
neuro-adaptive interface for e-commerce tasks. The function of the neuro-adaptive
interface was to induce choice overload and permit comparisons of cognitive load and
decision quality associated with personalized recommendations, which were presented

according to the following three conditions: (a) not presented (control), (b) perpetually

2 The proceeding was published at the DESRIST 2023 conference. Exceptionally, this chapter follows the
IEEE citation style, which was imposed by the conference proceedings guidelines.

Tadson, B., Boasen, J., Courtemanche, F., Beauchemin, N., Karran, A.-J., Léger, P.-M., & Sénécal, S.
(2023). Neuro-Adaptive Interface System to Evaluate Product Recommendations in the Context of E-
Commerce. Design Science Research for a New Society: Society 5.0, Pretoria, South Africa.



presented, or (c¢) presented only when a real-time neurophysiological index indicated that
cognitive workload was high. Formative testing cycles produced a neuro-adaptive system
in which the personalization of recommendations and neuro-adaptivity function as
intended. The artifact is now ready for use in summative testing regarding the effects of

personalized recommendations on cognitive workload and decision quality.

Keywords: Neuro-adaptive interface, digital technologies, e-commerce, choice overload,

cognitive load, decision-making, design science.

2.1 Introduction

Personalized product recommendation systems are being increasingly used in e-
commerce. A 2019 Forrester report approximated that 67% of large-scale online retailers
employed recommendation systems [1] to aid users in decision-making and combat
choice overload, a phenomenon where consumers are unable to analyze and compare
excessive quantities of products and product information [2-4]. Choice overload has been
recognized to adversely increase cognitive workload [5-8], and thereby degrade purchase
decision quality [9-12], or lead consumers to delay [13] or abandon their purchase [2, 4,
14]. However, e-commerce interfaces that offer personalized recommendations generally
do so without considering whether a consumer is experiencing choice overload.
Coincidentally, empirical research based on such interfaces has yielded inconsistent
results regarding the benefits of personalized recommendations against choice overload
[15-19]. This has given rise to the idea that the effects of personalized recommendations
may be muted or counterproductive unless the consumer is in fact experiencing choice
overload. Correspondingly, there has a been a call from e-commerce researchers for the
development of a more robust system to evaluate the effects of personalized product

recommendations [15, 18].

Answering this call to research requires the development of a system that detects the
occurrence of choice overload in real-time and provides personalized product

recommendations accordingly. However, to our knowledge, no such system exists, and
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commonly-used retrospective self-reported measures [15-17, 20-22] are not appropriate.
To develop the needed system, we applied the design science research (DSR) approach,
as it has demonstrated effectiveness for e-commerce interface de-sign for both industrial
and academic purposes [23-26]. We classified our development as a Type 4 research
problem, which is characterized by an absence of relevant data available for manipulation,
combined with yet unknown operations and methods to address the research problem [27,
28]. One viable approach to measure choice overload in real-time is to target cognitive
workload using neurophysiology such as Electroencephalography (EEG). With its high
temporal resolution, EEG provides the capability to measure brain activity continuously,
and is also an established tool to measure cognitive workload [29-33]. Moreover, recent
advances in cognitive neuro-science technology have now made it possible to analyze
EEG-derived brain activity in real-time, thereby permitting the development of interfaces
that adapt according to changes in a brain activity index (i.e., neuro-adaptive interface)

[34-38].

Thus, we asked the following research question: How can we address the aforementioned
call to research by following a DSR approach while leveraging cognitive neuroscience to
develop a real-time neuro-adaptive interface for e-commerce evaluation? Specifically,
we sought to design a system with a neuro-adaptive interface that could induce choice
overload and permit neuropsychophysiological comparisons of cognitive load to assess
the effects associated with personalized recommendations on choice overload and
decision quality. The system presented recommendations according to the following three
conditions: (a) not presented (control), (b) perpetually presented, or (c) presented only
when a real-time neurophysiological index indicated that cognitive workload was high.
This study demonstrates the applicability of DSR to neuro-adaptive system design and
contributes a novel artifact to the field of e-commerce which answers the call to design a
more rigorous means of evaluating the effects of personalized product recommendations

against choice overload.
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2.2 Foundations and Related Work

2.2.1  Choice Overload and Decision-Making

Choice overload is a form of information overload that occurs when a user is confronted
with excessive quantities of information used to support decision-making [5-8].
Consequently, choice overload degrades decision quality, defined as the extent to which
a purchase decision is objectively or subjectively optimal in relation to other product
options [39]. The relationship between choice overload and decision quality is non-linear.
As illustrated in Figure 2, decision quality (accuracy) is thought to improve with
information quantity up to a certain point, but then deteriorates thereafter with the onset
of choice overload (information overload) [11]. As decision quality decreases, negative
emotions and impulsive behaviour increase [7, 40, 41]. Consequently, users express less
satisfaction with their shopping experience [42], and less confidence in their selections
compared with those who did not experience choice overload [12, 17, 42]. Thus, assessing
the decision-making process through the lens of decision quality, decision-making
behaviour, and psychological measures of satisfaction and confidence are crucial to

understanding choice overload and the effectiveness of strategies against it.

Many researchers attempted to predict the exact quantity of information required to induce
choice overload [41, 43, 44]. Recently, a few studies have demonstrated that presenting
as few as 24 products [2, 45] and 9 attributes [45] at a time is sufficient for inducing choice
overload. However, it is also recognized that the threshold for choice overload differs
between individuals as a function of level of expertise and cognitive workload capacity
[7, 10, 42-44]. In other words, there is no universal threshold of information quantity
which will induce choice overload. Therein likely lies a predominant reason why
strategies against choice overload such as personalized product recommendations have
yielded inconsistent results regarding their effects [15-19], as it is not clear when precisely
a given user might be overloaded and thus needs the recommendations. For this reason,

studies on choice overload might benefit from targeting measures of cognitive workload.
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Figure 2. Relationship between choice overload and decision quality. Based on [11].

2.2.2 EEG and Neuro-Adaptive Systems

EEG is a well-established neurophysiological modality which has been used to index
cognitive workload [29-33]. A notable recent study used an EEG and event-related
potentials to identify cognitive overload and link it with poor decision quality [46].
However, if using personalized product recommendations to counteract choice overload,
it is important to not merely know whether choice overload occurred, but also to identify
when it is happening in real-time to present recommendations to users at the appropriate

time, both achievable using an EEG-based solution.

Recent advances in data processing technology have now made it possible to process
neurophysiological data such as EEG in real-time [47-49]. This has given rise to a new
technology known as neuro-adaptive systems [34-36]. A neuro-adaptive system is one
that continuously evaluates the neurophysiological activity of its user, processing an index
of cognitive or affective state in real time. Then, when changes in the cognitive or
affective state index are detected, the system adapts, often via visual changes on the
interface [34-36]. Due to its high temporal fidelity, portability, and customizability, EEG

remains a predominant modality for neuro-adaptive applications [50].

Having originated in the field of biomedical engineering, neuro-adaptive systems have
recently broadened their application into other fields. For example, some re-search teams
attempted to establish remote communication and control systems between a user and a

device [51-53]. Other instances vary from applying neuro-adaptive systems to support

29



learning [37] and reading [34] in education, to maintaining vigilance and attention for air
traffic control [38]. While some neuro-adaptive systems have relied upon cognitive
indices of user attention and engagement [46, 54], others have targeted cognitive load [34,
37]. However, the application of such systems in the field of e-commerce, albeit relevant
and of high potential, remains scant. Consequently, we sought to leverage this neuro-
adaptive technology to capture consumers’ state of choice overload in real-time via a
neurophysiological index of high cognitive workload, which when detected, would cause

an e-commerce interface to adapt and display personalized product recommendations.

2.2.3 Personalized Product Recommendations

The personalization of product recommendations is a strategy widely employed across the
e-commerce industry. Most global e-commerce sites, including market leaders like
Amazon [55], use an algorithm called collaborative filtering [56-58]. Though many
variations of it exist, the most common ones are user-based, where individual product
preferences are compared to those of other similar users to predict potential purchases, or
product-based, where recommended items are similar to those previously liked or visited
by a user [57, 59]. Another emerging trend has recently been to add a social component
to the computation, such as social tags prediction, based on blogs and online communities
[60] or social network graph algorithms, centered on recommendations from friends and

other peers [61].

While sophisticated and effective, the algorithmic computational approaches employed
by the industry to create personalized product recommendations are not practical for e-
commerce research. This is because the historical product viewing or purchasing
behaviour required to use industrial algorithms is nearly impossible to acquire for
experimental participants within a typical data collection timescale. Instead, a simpler,
more expedient method is required which nevertheless yields effective personalization.
One commonly employed method is the Multi-Attribute Decision-Making (MADM)
method [62], particularly the Simple Additive Weighting (SAW) approach. MADM-
SAW permits comparison between large groups of products, taking into consideration the

importance an individual places on each product attribute simultaneously [63]. MADM-
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SAW has been shown to facilitate optimal decision-making in the contexts of education

[64, 65] and internships [66], media consumption [67], and e-commerce [68].

2.2.4  Application to Design Science Research

The multicomponent and multidisciplinary complexity of a neuro-adaptive system artifact
calls for a structured definition of requirements, as well as flexible iteration cycles of
subcomponents of the solution, making the DSR framework the optimal approach. More
specifically, given that current neuro-adaptive systems based on users’ cognitive load
exist in other fields, our research to extend and refine its application into the realm of e-
commerce thereby constituted an exaptation solution, according to the knowledge
contribution framework [28]. The envisioned contribution was thus twofold. First,
creating an artifact to support the problem in e-commerce research regarding the lack of
a rigorous means of evaluating the effect of product recommendations on consumers’
choice overload. Secondly, contributing to the body of knowledge in IS through our proot-
of-concept, which can serve as a prescriptive theory [69, 70] to successfully implement

such an artifact.

2.3 Methodology and Research Design

To provide a logical framework for constructing the neuro-adaptive e-commerce system,
we followed the DSR framework by Peffers et al. [71]. Following this approach was
deemed appropriate given its widely-acknowledged application among DSR models [26,
28], and its cyclic nature that provides for various entry points into the process [26, 71].

Figure 3 illustrates said DSR approach, adapted to our study.

In Step 1, a literature review was performed regarding the problem at hand: the lack of a
robust system to evaluate the effect of personalized product recommendations on choice
overload and identify the state of currently deployed solutions. In Step 2, we derived and
refined objectives of a system to solve the problem using a Rigor Cycle [72] grounded in
the current body of knowledge and methods regarding e-commerce interfaces and

recommendation systems. We also performed a Relevance Cycle [72], building upon
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neuro-adaptive interface artifacts from different fields and drawing upon exploratory
testing formerly conducted at our lab. Step 3 comprised internal Design Cycles [72] over
8-months, cycling between design-related decisions, their implementation, evaluation,
and refinement, until the objectives of the solution were fulfilled [73]. This and the
following steps of the study were integrated in a research certificate ID 5071 approved by
the institution’s ethics review board (Comité d’éthique de la recherche de HEC Montréal
- CER). In Step 4 we demonstrated that the artifact adapts according to cognitive load
classifications via real-time testing with a sample of 42 voluntary participants recruited
through convenience sampling. All participants were adults aged 18 years old or older,
fluent in English, right-handed, neurotypical and not taking any medication for
neurological or behavioural disorders. Their consent and confidentiality were ensured
through CER’s protocols. Then in Step 5, the artifact was evaluated based on validity and
quality criteria [28]. The “proof-of-concept” demonstrated through simulations revealed
that all design requirements (discussed in the following section) were fulfilled, and
interface adaptations occurred as intended. The artifact is now ready for the second
evaluation phase, in which we intend to execute summative experimental testing [28].
Approximately 50 new participants are expected to be recruited through random sampling
and the same inclusion criteria for this phase. In Step 6, the communication of our
designed system will be achieved through two phases: 1) publication of the present
manuscript, and 2) via implementation of the system throughout usability testing by
practicing professionals, potentially with various customizations of on-screen adaptation

elements and conditions.
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Process Iteration

v I 1
1. Problem Identification 2. Objectives of a 3. Design and 4. Demonstration 5. Evaluation 6. Communication
and Motivation Solution Development
The growing number of Establish requirements Design-related The functionalities of | Phase 1: The validity and | Phase 1: Design theory
online products leads to through a Rigor and decisions are the neuro-adaptive quality of the artifact is diffusion through
choice overload and hinders | Relevance Cycle [72] fora | tested through interface are shown through formative publication.
consumers’ decision- product recommendations formative demonstrated through | testing and a functional Phase 2: The adaptive
making. Current product evaluation system that uses | testing [28] and | the simulation of an “proof-of-concept™. interface is applied in
recommendation strategies neuro-adaptive technology | internal Design online shopping Phase 2: The utility and e-commerce usability
lack a reliable evaluation and classification of Cycles [72] to experience that causes | efficacy will be evaluated testing and is
system to assess their effect cognitive load in real-time. | implement the choice overload. during a summative, personalized for
on choice overload. artifact. empirical experiment. various testing needs.

v

l:l : Focus of this paper
Entry point:
Objective-Centered l:l : In progress
Solution l:l : Future work

Figure 3. DSR methodology by Peffers et al. [71], adapted for this study.

24 Objectives of a Solution

Our overarching objective was to rigorously evaluate the effect of product
recommendations on choice overload using neuro-adaptive technology. This technology
permitted recommendations to be presented according to real-time EEG measurements of
cognitive load. The components of this system were dissected based on Rigor and
Relevance Cycles [72], translated into design requirements, and then prioritized according

to resource availability and cost-benefit analyses.

First, the system had to comprise an assortment of selectable products and remain
complex enough to potentially elicit choice overload (Table 1, DR 1). We used laptop
computers as products due to their numerous attributes which complexify decision-
making [9, 74]. Based on e-commerce research and formative testing, products and their
attributes were displayed in a series of product comparison matrices, each with 24
products [2, 45], and 8 attributes per product [45], thereby permitting a trial-based

approach for subsequent summative testing.

Next, product recommendations needed to be easily identifiable, yet not obstruct non-
recommended products (DR 2). Iterative Relevance Cycles [72, 75] achieved this by
highlighting a product row as an indicator of recommendation. The system was

furthermore designed to be capable of highlighting (recommending) three product rows
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out of the 24 on each product matrix trial, with 3 products considered a small enough

assortment size [9].

With an interest in comparing the effectiveness of our system to historical all-or-nothing
approaches to investigating responses to product recommendations, we addressed the
research problem (DR 3) by designing the system to present recommendations according
to three conditions: (a) control (i.e., an interface which provides only the list of products
and their attributes without any decisional aid in the form of recommendations), (b) static,
perpetually presented from the onset of each product selection trial, and (c) neuro-
adaptive, presented only when a real-time neurophysiological index has indicated that
cognitive workload is high. To maximize the number of trials per participant, a within-
subject experimental design was applied to the system, with three product selection trials,

each two minutes long, in each evaluation condition to avoid experimental fatigue.

The next requirement was to personalize the recommendations to ensure their
trustworthiness and pertinence (DR 4) [20, 21]. This was planned to be achieved by
implementing a questionnaire to identify a user’s preferences regarding the laptop product
device attributes (DR 4.1). Then, the three highest-ranked products to recommend were
to be determined using the MADM-SAW calculation method (DR 4.2) [62]. Lastly, the
system needed to allow for a manual, but rapid insertion of this information regarding
which product recommendations to display, when applicable, on a per user and per trial

basis (DR 5).

To achieve the neuro-adaptive recommendations condition (c), the system needed to be
capable of recording raw EEG signals (DR 6), which could also serve post-experiment
analyses. Then, the system needed to calculate a cognitive load index in real-time based
on raw EEG signals (DR 7), and transmit a classifier based on the index to the product
recommendation interface (DR 8). Classifier transmission required both a send and
receive component which ensured the classifier transmission was properly synchronized.
Additionally, the interface required a set of rules on when to present recommendations,
i.e., when to trigger the recommendations (DR 9). Given that display conditions required

potential adjustment through formative testing, the system design needed to enable a
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modifiable field to input adaptation triggering rules. Finally, the system needed to support
collection of self-reported measures and extraction of behavioural quantitative data for
use in post-hoc analyses (DR 10). Self-reported questionnaires were to target choice
overload, choice confidence and satisfaction (DR 10.1). Behavioural data would include

decision time and product selections and recommendations (when applicable) for each

trial (DR 10.2).

Table 2. Overview of design requirements (DR)

Design requirement

Description

User interface

DR 1: Interactive user interface that
displays a matrix of products and
attributes to choose from, capable of
inducing choice overload.

A difficult-to-process product comparison matrix with 24 laptops [2, 45]
(rows) and 8 attributes for each [45] (columns). Images and brand names
are removed to avoid bias. To select a product, users may click on the
chosen product and click the “Submit” button to confirm their selection.

DR 2: A small number of product
recommendations appear clearly, yet
without interfering with the decision-
making process.

Recommendations appear in form of a highlight of three rows of
products. Users are still free to select any product, i.e., to follow the
recommendation or not. Three products of 24 are recommended to
simplify decision making and reduce choice overload [9].

Experimental design

DR 3: System permits isolation of
recommendation effects for rigorous
summative testing.

The artifact presents recommendations according to three conditions:
(a) no recommendations (control), product matrix only,
(b) static, with recommendations always displayed, and
(c) neuro-adaptive, with recommendations being triggered by a real-
time EEG index of high cognitive load (signaling choice overload).
The system uses a within-subject experimental design, with three product
selection trials in each experimental condition.

Personalized recommendations

DR 4: Personalize product
recommendations for each user.

DR 4.1 — Gather personal user preferences: determine the relative
importance each user allocates to different product attributes through a
self-reported questionnaire.

DR 4.2 — Determine the three highest-ranked products to recommend per
trial, when applicable, according to the MADM-SAW method [62].

DR 5: Inform the system of what
personalized recommendations to
display.

Create a manual input field to inform the system of which products to
recommend (obtained in DR 4), when applicable, for each trial and for
each user.

Real-time classification of neurophysiological data

DR 6: Measure raw
neurophysiological data throughout
the experiment.

Measure and record EEG data for cognitive load classification (DR 7)
and post-experimental analyses.

DR 7: Classify raw
neurophysiological data as low or
high cognitive load.

Calculate an EEG cognitive load index and classify it in real-time in a
format readable by the interface.
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Neuro-adaptation of the interface

DR 8: Continuously transmit Ensure synchronized and continuous transmission and receipt of
cognitive load classifiers to the user cognitive load classifiers by the system throughout all trials.

interface.

DR 9: Conditions to initiate the Enable a modifiable input field for recommendation display rules, based
presentation of product on the continuously received cognitive load classifiers.
recommendations.

Self-reported evaluations/Trial performance data

DR 10: Enable capture and extraction | DR 10.1 — Behavioural quantitative data: ensure capture and

of trial performance data and self- extractability of trial data regarding the classifiers received, products and
reported measures for post-hoc (when applicable) recommendations displayed, product selected, and
analyses. decision time.

DR 10.2 — Perceptual quantitative data: enable a pause after each trial to
present post-trial questionnaires on choice overload, choice confidence
and satisfaction.

2.5 Design and Development

2.5.1  Classification and Transmission of Cognitive Load to the Interface

Real-time processing of neurophysiological activity (DR 6 from Table 1 above) and
classification of cognitive load (DR 7) were designed using Simulink in MATLAB
(version R2021b, IBM). The Simulink model was built to sample neurophysiological
activity at 250 Hz from a g.tec Research: a 32-channel wireless, gel-based active electrode
electroencephalographic (EEG) hardware, installed according to the 32-channel standard
montage by g.tec. Real-time processing blocks for channel selection and band-power
extraction were incorporated, in addition to Butterworth low-pass and high-pass filtering
and a notch filter. A block was added to classify cognitive load as low (0), medium (1),
or high (2), based on mean alpha-band power output over six-second intervals. Low and
high cognitive workload band power thresholds were calibrated for each individual
participant using EEG signals sampled during a 0-Back and a 2-Back task, respectively.
The N-Back working memory paradigm is a well-established task for differentiating
cognitive workload [76-78]. The raw and processed EEG data, and derived classifications,
were set up to be recorded in parallel to permit post-hoc analysis and investigation of our
phase 2 evaluation step (Figure 3). Cognitive load classifications (0, 1, 2) were

continuously transmitted to the interface (DR 8), as they were derived (every six seconds)
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over the local network via Lab Streaming Layer (LSL). The classification was then
communicated to the web interface through a Python-based LSL receiver and a

WebSocket client on a web server at the same rate of one classifier every six seconds.

2.5.2  Neuro-Adaptation Logic

Neuro-adaptation was designed such that the interface presented recommendations to
users according to primary and secondary cognitive load classification logic. The primary
logic consisted of the aforementioned classification of cognitive load sent from Simulink
via LSL (transmitted values being 0, 1, or 2). The secondary logic, applied downstream
from this using a Python script, converted the output value into a “3” if it satisfied a best
out of three condition. In other words, if at least two 2’s were received within the last
three classifiers, the script would transform the next value that it would relay to the
interface into a “3”. The interface adaptation rules and conditions were implemented

through a web application (see 5.4 below).

2.5.3 Product Recommendations

To enable users to attribute personal importance to each of the 8 laptop product criteria
(DR 4.1), a 5-point Likert scale (with 1 being “Not important at all” and 5 being “Very
important”) was utilized in an online Qualtrics questionnaire. These attribute ratings were
then input into an Excel file, which was designed to determine the three highest-ranked
products per trial for each user (DR 4.2), according to the MADM-SAW method [62].
The calculation takes into account the total database of 360 fictitious, but plausible laptop
products and their attributes which we included in the system, objectively assessing them

in accordance with the subjective importance of the attributes reported by each user.

2.5.4  User Testing Interfaces

The front-end (DR 1, DR 2, and DR 3) of the system was developed in HTML and
enhanced with CSS formatting, executed on a web browser with a computer operating on
Windows 11. A front-end web application was developed in Google’s Angular]JS MVC

framework, internally called Metamorph, to launch a separate interface for each
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recommendation presentation condition (control, static and neuro-adaptive) through a link

generated on a per participant basis.

For the static and neuro-adaptive condition interfaces, the Metamorph application
included a field to integrate the product ID’s of the top three laptops for each user and
each trial — identified in the previous step — to inform the interface of which products to

recommend, when applicable (DR 5).

For the neuro-adaptive condition interface, the application also comprised a rule engine
library, that is, a functionality that permitted upload of a set of conditions into the database
in form of a JSON file, meant to dictate the rules to display product recommendations
(DR 9). These rules use Javascript objects to control the presentation of product
recommendations. They were designed such that no recommendations would display the
first and last 12 seconds of each trial, to give users the chance to read the entire matrix
and react to recommendations if they were presented. Outside of these two time windows,
the display of recommendations was triggered when the value received through the

WebSocket client was “3” (see 5.2).

Meanwhile, the interface was designed such that users could select only one product with
a left mouse click, and then submit their selection by pressing a “Submit” button on the
bottom of the screen. After a selection was submitted, the interface presented a transition
screen thanking the user and then paused. This pause permitted to present the post-trial
questionnaires on choice overload, choice confidence and satisfaction via Qualtrics (DR
10.1). After the questionnaires were completed, the transition screen of the interface was
redisplayed and the user was instructed to press a “Continue” button, which initiated the
subsequent trial. The transition screen on the last trial displayed a message requesting

users to await further instructions and had no “Continue” button.

Lastly, in provision of the second phase of our evaluation (Figure 3) (DR 10), a feature
was integrated in the application to enable capture and extraction of per-trial post-study
behavioural quantitative data. The generatable output is in form of a JSON file, which
compiles: a) the different values of classifiers received every six seconds throughout the

trial, b) the time users took to complete their product selection, ¢) the products included
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in the trial, d) the three products that were recommended (for the static and the neuro-

adaptive conditions, when applicable), and e) the product that the user selected.

2.6 Demonstration and Preliminary Evaluations

Daily to weekly iterations were executed over a period of 8 months and included 42
formative testing participants. These formative testing cycles were concluded with proof-
of-concept simulations to establish the validity and quality [28] of the system we built,
thereby completing the first phase of our evaluation defined in Figure 3. A simplified
mock-up of the resulting product comparison matrix of the user interface is shown in
Figure 4, with an example of what a product recommendation looked like. From a
technical standpoint, the system now operates consistently and dependably to satisfy
sought goals and design requirements defined in previous steps. This development and
implementation serve as the main result of our paper. The proof-of-concept demonstration

of the artifact working as intended is illustrated in Figure 5.

4 more attributes
(8 in total)

217 10.1 16 800

When applicable, 2 more Based on your personal preferences
re:om[nendatlons 4[ 230 12 32 1250 e this is one of the best products for you
(3 in total)

231 12.5 8 1100

20 more products
(24 in total)

240 12 16 1250

Submit

Figure 4. Simplified illustration of the product comparison matrix of the user interface. When
applicable, recommendations take the form of a green highlight across the entire product row.

The results of our research carried out during the Rigor Cycle [72] (step 3 in Figure 3)
suggest a high level of potential utility of the constructed artifact. Given the limited
availability of evaluation tools to assess the effectiveness of product recommendations,
the value our system can bring outside of the development environment [28, 71] is highly

promising. However, the system’s utility and efficacy are yet to be evaluated in a second
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evaluation phase (Figure 3) to assess its practical application in summative and empirical

research.

= 1 -

User’s electrical brain activity captured with
an EEG as they interact with the system.

Primary classification logic: Raw data processed
through Simulink model to classify cognitive
load as low (0), medium (1) or high (2).

Cognitive overload (choice overload).

\ 4

socket_loki — O X
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a 3 to the WebSocket server.
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= s

Value “3” received: recommendations appear in the
product comparison matrix of the user interface.

No “3” value received; product comparison matrix of the user
interface remains as is (no recommendations displayed).

Figure 5. Demonstration of neuro-adaptivity through simulation.
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2.7 Discussion

2.7.1 Implications for Design Science

The present study followed a DSR methodology to build a neuro-adaptive system which
would permit more rigorous assessment for e-commerce research regarding the effects of
personalized product recommendations on choice overload. Formative testing through
live simulations revealed that the design requirements of the system [28] functioned as
intended. This effectively demonstrated the success of our approach to answer our
research question and the call for solutions from e-commerce researchers. The novel
application of neuro-adaptive technology in the development of an e-commerce
evaluation artifact can now be formalized into a dependable prescriptive (Type V) design
theory [69, 70] to guide the choice of functionalities and construction of similar tools.
Table 3 (next page) outlines our acquired design knowledge using the Jones and Gregor

framework [79].

2.7.2  Implications for Stakeholders

There are three main advantages of the system. One, whereas past approaches
predominantly have relied upon retrospective self-reports of choice overload, the present
system permits continuous, real-time assessment of choice overload via an EEG cognitive
workload index. Two, the continuous assessment of choice overload via EEG-based
cognitive workload permits delivery of personalized recommendations only when choice
overload is being experienced by the user, rather than an all or nothing approach. And
three, the use of three recommendation conditions and recording of raw EEG along with
behavioural and self-reported data permits rigorous evaluation of the hypothesis that
personalized product recommendations are most effective against choice overload when

it is indeed being experienced at the time of recommendation delivery.
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Table 3. Components of a design theory for the evaluation of personalized recommendations in
the context of e-commerce, adapted from Jones and Gregor [79].

Type Component

Purpose and scope Development of a more robust and reliable evaluation system to assess the effects of
personalized product recommendations in an e-commerce context. To efficiently
isolate the effect of recommendations, the system includes three recommendations
conditions: (a) no recommendations (control), (b) recommendations displayed
perpetually, or (c) recommendations triggered by a real-time neurophysiological
classification of cognitive workload as high, captured through an EEG.

Constructs Choice overload, cognitive load, decision quality, decision confidence, satisfaction.
Principles of form and A difficult-to-process product comparison matrix with 24 products (rows) and 8
function attributes for each (columns). Recommendations appear in form of a highlight of the

rows with recommended products.

Artifact mutability The system is an exaptation of a neuro-adaptive artifact based on cognitive load to
apply it to the field of e-commerce evaluation, which constitutes a novel solution that
has not yet been explored.

Testable propositions 1. The interface presents a number of products and product attributes that are
sufficiently high to induce choice overload.

2. Provided recommendations are personalized.

3. When applicable, personalized recommendations are provided according to a
neurophysiological cognitive load index measured in real-time through an EEG.

Justificatory knowledge The artifact builds on current knowledge from e-commerce user experience, choice
overload theory, decision-making theory, cognitive workload theory, real-time
neurophysiological processing theory (current neuro-adaptive technology), product
recommendations strategies.

Principles of The tool is intended for use by researchers, as well as industry practitioners in
implementation marketing, IS, user experience, etc. to better assess e-commerce strategies to cope with
choice overload, in controlled experimental settings, where the users (participants)
must be healthy and autonomous adults.

The implications of the present system for stakeholders, particularly marketing and user
experience researchers, are manifold. The flexibility of the system permits manipulation
of adaptivity elements, conditions, and overall interface design. Not only can the content
of the matrices in the e-commerce interface be modified to match different e-commerce
contexts, but the HTML-based graphics could be redesigned to model real-world websites
while still retaining the neuro-adaptive functionality. Moreover, the brain activity index
used for classification can easily be changed, thereby permitting researchers to study
responses based on cognitive factors other than cognitive load, such as fatigue or attention.
Thus, the present system could potentially be used to investigate behavioural responses to

recommendations driven by a multitude of cognitive factors, which could then be
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leveraged in the industrial domain. Correspondingly, studies using the present system
could potentially derive insights about context-dependent information display
preferences. The present system could potentially even be used to accurately identify
behavioural indices of choice overload, which could then be employed industrially.
Ultimately, the present system could drive a change in personalized recommendation

strategies, improving their effectiveness along with the experience for consumers.

2.7.3 Limitations and Directions for Future Research

Though overarching objectives have been achieved, there are some limitations to the
current iteration of the designed system. First, recommendation conditions were not
centralized within the rules agent of the Metamorph application, necessitating the more
cumbersome approach of two-step adaptation logic discussed in the Design and
Development section (see section 5.2). Additionally, the identification and input of
personalized recommendation criteria for each user (DR 4 and DR 5 from Table 2) must
currently be performed manually using an online Qualtrics questionnaire, Excel
spreadsheet, and an input field in the Metamorph application. However, these limitations
do not fundamentally impede system function and can thus be addressed in future
development cycles. Indeed, the present system functioned smoothly and appropriately,

as was demonstrated through formative testing and proof-of-concept simulations.

2.8 Conclusion

This study demonstrates the applicability of DSR to neuro-adaptive interface design to
solve Type 4 research problems, and contributes a novel, functional artifact to the field of
e-commerce which answers the call to design a more rigorous means of evaluating the
effects of personalized product recommendations against choice overload. The system is
now ready for summative testing, which should further cement its contribution to the
fields of e-commerce and DSR. The present publication marks an important milestone in
dissemination of the DSR knowledge gained. Going forward, the system’s inherent
flexibility should permit improvement of operational efficiency, and context-independent

evolution of visual design and adaption based on other cognitive constructs.
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Abstract

In the current e-commerce landscape, consumers are increasingly confronted with choice
overload, a phenomenon characterized by an inability to cognitively process an excessive
number of decision alternatives. Experiencing choice overload while shopping online has
been associated with reduced decision quality, increased frustration, dissatisfaction, lack
of confidence, and a proneness to delay or abandon a purchase decision. Incidentally,
current methods of facilitating users’ decision-making and addressing these detriments by
providing product recommendations yield contradictory findings, at times aggravating the
experience. This has brought the idea that this form of decisional aid may have adverse
effects, unless consumers are, in fact, experiencing choice overload. This empirical study
addresses this suggestion by proposing a novel method of displaying recommendations to
consumers, based on the detection of choice overload in real-time, leveraging neuro-
adaptive technology. To assess the effectiveness of our proposed approach against canon
recommendations systems, we employ a within-subject study design (n=55) with three
experimental conditions: (a) control (no recommendations), (b) static (recommendations

presented perpetually), and (¢) neuro-adaptive (recommendations presented only if a real-

3 The article is expected to be dissected and merged with other studies, to be submitted to high impact factor
publications.
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time neurophysiological index indicates that cognitive load is high, an indicator of choice
overload). The results reveal that both static and neuro-adaptive recommendations
increase, rather than alleviate, perceived choice overload. Decisional outcomes, however,
with the exception of decision time, benefit from recommendations, especially when they
are neuro-adaptive: choice confidence and decision quality are impacted directly, and
choice satisfaction and decision time through the mediation of choice overload.
Moderating effects of individual characteristics reveal that neuro-adaptive
recommendations are particularly advantageous to individuals with low product
involvement and low product expertise, as they increase their choice satisfaction and
confidence, and individuals with high reactance and high need for cognition, reducing
decision times for the former and increasing choice satisfaction for the latter. The study
concludes by opening the door to alternative approaches of identifying real-time
occurrences of choice overload, using commercially available methods beyond the neuro-

adaptive system utilized in this study.

Keywords: E-commerce, recommendations, neuro-adaptive interface, choice overload,

cognitive load, decision-making, decisional outcomes, individual characteristics.

3.1 Introduction

Over the last three years, catalyzed by the COVID-19 pandemic (Beckers & Cant, 2023;
Collins & Geist, 2023), the growth in global e-commerce has risen to levels that were only
anticipated to occur between 2025 and 2030 (Fabius et al., 2020). Previously available
only to urban, wealthy populations (Beckers et al., 2018; Kirby-Hawkins et al., 2018), the
expanded access to internet services (Bhatti et al., 2022; Koten, 2023), increased health
and security concerns (Ghosh, 2022; Itani & Hollebeek, 2021; Nguyen et al., 2021), and
improved logistical efficiency (Beckers & Cant, 2023; Torres et al., 2022), have all
contributed to the growth of e-commerce beyond its historical geographic and

sociodemographic limits (Szész et al., 2022).
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Through this continuously expanding e-commerce landscape, consumers are increasingly
confronted with a phenomenon described as choice overload. In the context of the digital
marketplace, choice overload occurs when the decision-making associated with selecting
a product is too cognitively demanding, given the overwhelming amount of information
and choices available (Beierle et al., 2020; Chernev et al., 2015; Scheibehenne et al.,
2010). On a neurophysiological level, choice overload manifests itself as increased
cognitive workload (Ariga, 2018; Bawden & Robinson, 2020; Deck & Jahedi, 2015;
Fehrenbacher & Djamasbi, 2017; Peng et al., 2021), or simply put, an excessive mental
effort (Drichoutis & Nayga, 2020; Paas et al., 2003; Reutkaja et al., 2021; Sweller et al.,
1998).

These cognitive demands associated with choice overload not only negatively impact
consumers’ decision quality (Arora & Narula, 2018; Calvo et al., 2022; Deck & Jahedi,
2015) but are also linked to higher levels of frustration (Deng & Poole, 2010; Haynes,
2009; Lee & Lee, 2004) and dissatisfaction (Diehl & Poynor, 2010; Huber et al., 2012;
Lee & Lee, 2004), as well as a lack of confidence in selected choices (Calvo et al., 2022;
Lee & Lee, 2004; Zhang et al., 2018). Moreover, users experiencing choice overload are
more susceptible to ultimately delaying (Kurien et al., 2014) or even abandoning (Iyengar
& Lepper, 2000; Kuksov & Villas-Boas, 2009; Ozkan & Tolon, 2015) their purchase
decision altogether, which poses a significant detriment to online retailers as well. As a
means of reducing this impeding effect of choice overload, retailers employ
recommendation systems, aimed to facilitate the online decision-making process for

consumers (Aljukhadar et al., 2012; Dellaert & Haubl, 2012).

However, research regarding the effects of systematically displaying recommendations
yields inconsistent results: while some studies demonstrate the beneficial impact of
recommendations in online decision-making (Aljukhadar et al., 2012; Dellaert & Héubl,
2012), other findings indicate contradicting results, such as deterred decision quality
(Banker & Khetani, 2019; Chen et al., 2022; Dellaert et al., 2017; Xiao & Benbasat, 2018)
and, on the opposite, amplified choice overload (Bollen et al., 2010; Willemsen et al.,
2011; Willemsen et al., 2016). These inconsistencies have brought forth the idea that

displaying recommendations may only be beneficial in instances where users are in fact
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experiencing choice overload (H&éubl & Trifts, 2000; Yan et al., 2016). Additionally,
scholars have noted that devising a solution is difficult given the limitations in current
evaluation tools; commonly employed assessments of choice overload, either through
neurophysiological or self-reported measures, are only completed during post hoc
analysis (Antonenko et al., 2010; Fehrenbacher & Djamasbi, 2017; Reutkaja et al., 2021;
Rose, 2005; Zhang et al., 2018; Zhou et al., 2022), when the user’s interaction with the
system no longer takes place. Furthermore, there is no universal threshold for when a
consumer might experience choice overload, as it largely depends on individual
differences in cognitive workload capacity (Malhotra, 1982; Sweller, 1988, 2011).
Researchers have thus emphasized the need for a more nuanced solution against choice
overload (Chen et al, 2009; Patharia & Jain, 2023) and improvement in the
personalization and interactivity of current recommendations systems (Jugovac &

Jannach, 2017; Konstan & Riedl, 2012; Liang et al., 2006; Shen, 2014).

Aiming to fill the research gap addressed in this discourse, we proposed a novel method
of tailoring the display of recommendations based on cognitive load, assessed in real-
time. For its implementation, we leveraged neuro-adaptive technology, also called Brain-
Computer Interfaces (BCI), as such artifacts allow for an ongoing processing of cognitive
information in real-time, and a dynamic adaptation of the user experience accordingly
(Andreessen et al., 2021; Krol & Zander, 2017; Wolpaw et al., 2020). We opted for a
neuro-adaptive system that uses electroencephalography (EEG), an acknowledged
neuroscientific tool to assess cognitive load (Al-Samarraie et al., 2019; Fernandez Rojas
et al., 2020; Gredin et al., 2020; Guan et al., 2022), to reliably predict the occurrence of
choice overload in real-time and, if detected, provide the user with product

recommendations (Tadson et al., 2023).

Such an approach would introduce a new dimension of personalization of
recommendations (Blut et al., 2023; Tsekouras et al., 2022), as it would allow to both,
accommodate users in need of decisional aid and avoid hindering the decision-making of
users that are not experiencing choice overload. With this objective in mind, we

formulated the following first research question:
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RQ1: 7o what extent does a neuro-adaptive interface which detects cognitive load and
provides recommendations accordingly impact users’ decision-making in an online

shopping experience?

To adequately contrast our proposed method of customizing recommendations based on
cognitive load with canon recommendations systems, we included three experimental
conditions in our within-subjects study design:
(a) control, where no recommendations are presented to participants,
(b) static, where recommendations are presented perpetually and systematically to
all participants, and
(c) neuro-adaptive, our novel technique that displays recommendations based on
the detection of choice overload through a cognitive workload index.
In this assessment, we included the decisional outcomes outlined in Xiao & Benbasat’s
(2007) framework, which spans both perceptual measures of choice satisfaction and

choice confidence, as well as performance measures of decision quality and decision time.

Additionally, congruent with the metacognitive model of the decision-making process
under information overload (Takemura, 1985, 2014), scholars have discussed the
relevance of incorporating individual characteristics in research on recommendations and
the effects of choice overload (Aljukhadar et al., 2017; Appelt et al., 2011; Johnson et al.,
2012; Xiao & Benbasat, 2014). However, studies that comprehensively assess individual
differences impacting consumer decision-making are sparse. This shortfall prompted us

to devise the second research question below:

RQ2: To what extent consumers' perceptions and individual characteristics influence
their decision-making outcomes when provided with recommendations from a neuro-

adaptive system?

In an attempt to encompass predominant individual characteristics involved in moderating
our aforementioned decisional outcomes, we incorporated the following constructs in our
evaluation: compliance with recommendations (Melovic et al., 2020; Senecal et al., 2005;
Zhang & Xu, 2019), consumer product involvement (Kean Yew & Kamarulzaman, 2020),

product expertise (Broniarczyk & Griffin, 2014; Hadar et al., 2013; Senecal & Nantel,
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2004), psychological reaction (Kwon & Chung, 2010; Lee & Lee, 2009; Yanping & Yan,
2012) and need for cognition (Petty et al., 2002; Petty et al., 2007; Takemura, 2001, 2014).

The results of this investigation provide empirical support that the neuro-adaptive
recommendations we proposed perform just as well as, and occasionally surpass, standard
recommendations, particularly when comparing choice satisfaction, choice confidence,
and decision quality. Additional advantages of the neuro-adaptive approach are
highlighted when taking into account individual characteristics of users, unveiling further

benefits and, at times, mitigating certain drawbacks of traditional recommendations.

Our main contribution to the body of knowledge therefore consists of responding to the
current research gap, calling for a more personalized and interactive solution to combat
the detriments of choice overload in an online decision-making context. We achieved this
through a unique instantiation of neuro-adaptive technology in the field of e-commerce,
resulting in a novel way of personalizing of the display of recommendations, based on a
real-time predictor of choice overload. The investigation also contributes to understanding
the discrepancies observed in the research and challenges the conventional dichotomic
viewpoint regarding the merits of recommendations, positing instead for more nuanced
effects. Lastly, through our proposed conceptual framework, we provide a holistic
understanding of the interplay of individual factors and their effects on decisional

outcomes, specifically in a context of e-commerce choice overload.

As such, practitioners and researchers alike may now leverage the insights on the
promising effects of recommendations adapted to consumers’ choice overload, in order
to explore means of implementing this dimension of personalization by relying on
technology that is commercially available. Moreover, our research underscores the
relevance of continuing to devise strategies to entice the adoption of recommendations
among consumers, and encourages industry professionals to complement our findings
with their own customer research, to guide design and business decisions tailored at

consumers with specific characteristics.
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3.2 Literature Review

3.2.1 Choice Overload in E-Commerce
3.2.1.1 The E-Commerce Landscape and the Rise of Choice Overload

Accelerated by the COVID-19 pandemic (Beckers & Cant, 2023; Collins & Geist, 2023),
e-commerce has been growing unprecedentedly across the international market over the
past few decades. Despite the convenience and safety that online shopping offers
consumers and the additional stream of revenue it provides retailers with (Szész et al.,

2022), the growing adoption of e-commerce has its shortcomings.

With over 30,000 new products added to the global online market every year (NielsenlQ,
2019), choosing items from these wider assortments becomes increasingly challenging.
While consumers demonstrate apparent preferences for choice variety and larger product
assortments (Iyengar & Lepper, 2000; Khan et al., 2021), their decision-making becomes
increasingly hindered by a phenomenon referred to as choice overload (Chernev et al.,
2015; Iyengar & Lepper, 2000; Scheibehenne et al., 2010; Schwartz, 2016). Also called
overchoice, it denotes an individual’s inability to cognitively process an excessive number
of decision alternatives (Iyengar & Lepper, 2000; Simon, 1959; Toffler, 1970). It stems
from the broader concept of information overload, which pertains to an overwhelming
amount of information that exceeds a subject’s mental processing capacity (Aljanabi &
Al-Hadban, 2023; Eppler & Mengis, 2004; Hu & Krishen, 2019; Lee & Lee, 2004;
Roetzel, 2019). However, choice overload specifically addresses the context of decision-
making when faced with multiple alternatives (Fasolo et al., 2007; Nagar & Gandotra,

2016; Peng et al., 2021; Reutkaja et al., 2021).

3.2.1.2 The Nuisance Brought by Choice Overload

The impeding influence of choice overload on the outcome of a decision, particularly its
quality, has been widely documented. Decision quality is a concept defined as the extent
to which a decision is objectively or subjectively optimal in relation to other options (Xiao
& Benbasat, 2007). Deck and Jahedi (2015), for example, found that choice overload led

to a behaviour that is more risk-averse, impatient in regard to money, and more likely to
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be subject to the effect of anchoring. Further research concluded that users experiencing
choice overload were more susceptible to emotional and impulsive decisions, not always
being the optimal, rational choice (Chen et al., 2009). Similarly, Sela et al. (2009)
discovered that when faced with choice overload, decision-makers were likely to opt for
an alternative that was simpler to justify, despite the availability of an option that was
more optimal, but harder to explain. Individuals’ inherent sense of skepticism has also
shown to be amplified under decision-making complexified by choice overload (Guo &
Li, 2022; Hu & Krishen, 2019). Overall, similar to information overload, the accuracy
(quality) of a decision increases with the number of available options (Eppler & Mengis,
2004; Reutskaja et al., 2020; Vogrincic-Haselbacher et al., 2021), until the mental costs
of processing the larger selection outweigh the benefits of each additional alternative
(Oppewal & Koelemeijer, 2005; Roberts & Lattin, 1991), resulting in the curvilinear
relationship (Aljukhadar et al., 2012; Jacoby, Speller, & Berning, 1974; Reutkaja et al.,
2021) portrayed in Figure 6.

N

Choice Overload
(Information Overload)

(Accuracy)

Decision Quality

»
P

Information Load

Figure 6. Relationship between choice overload and decision quality, adapted
from Eppler and Mengis (2004)

In the context of e-commerce, research suggests that the phenomenon of choice overload
not only degrades purchase decision quality (Arora & Narula, 2018; Broniarczyk &
Griffin, 2014; Calvo et al., 2022; Deck & Jahedi, 2015; Vogrincic-Haselbacher et al.,
2021), but also adversely impacts customer experience as a whole (Calvo et al., 2022; Lee
& Lee, 2004). When confronted with choice overload, consumers are more likely to
experience frustration (Deng & Poole, 2010; Haynes, 2009; Lee & Lee, 2004) and other
negative emotions (Appiah Kusi et al., 2022; Wheeler & Arunachalam, 2009).
Subsequently, they become prone to feeling less satisfied with their shopping experience

(Diehl & Poynor, 2010; Huber et al., 2012; Lee & Lee, 2004) and are more troubled by
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regret (Gourville & Soman, 2005; Hassan et al., 2019) and a lack confidence regarding
their purchase decision (Calvo et al., 2022; Lee & Lee, 2004; Zhang et al., 2018).
Moreover, choice overload may hinder decision-making to a point where consumers are
so overwhelmed that they ultimately withdraw from making a decision or taking action,
an outcome coined as “analysis paralysis” (Koenig, 1995; Kurien et al., 2014). According
to Andersone (2022), such decision paralysis occurs when the opportunity cost, i.e., the
thought and analysis involved in a decision, exceeds the benefits the consumer may gain
from making a selection. This is a particularly unfavourable outcome for online retailers,
as it translates into consumers delaying (Kurien et al., 2014) or not completing their
purchase at all (Deng & Poole, 2010; Iyengar & Lepper, 2000; Kuksov & Villas-Boas,
2010; Manolici et al., 2021; Ozkan & Tolon, 2015). These negative impacts of choice

overload on both online shoppers and retailers raise the necessity for a viable solution.

3.2.2 Recommendations to Counter Choice Overload
3.2.2.1 E-Commerce Strategies to Cope with Choice Overload

E-commerce strategies that facilitate decision-making for users that are faced with choice
overload are manifold. Some online retailers manipulate visual stimuli (Deng & Poole,
2010; Kahn, 2017), either through adding multimedia elements, such as icons and videos,
aimed to alternatively present product information (Wheeler & Arunachalam, 2009),
through visual contrasts and boundaries between pieces of information (Donkers et al.,
2020; Wen & Lurie, 2019), or through purging interfaces of superfluous hyperlinks (Chen,
2018). Others resort to product filtering features (Calvo et al., 2022; Chen et al., 2009),
subgrouping products to enable multiple smaller choices, rather than a single large one
(Besedes et al., 2015), pre-selecting default options (Brown & Krishna, 2004; Madrian &
Shea, 2001), or aiming to decrease the perceived risk of a poor decision through

guaranteed money-back policies (Schulz et al., 2019).

Whilst tactics vary among businesses, one of the most prominent and promising is
providing customers with product recommendations (Nunes & Jannach, 2017; Shen,
2014). Already in 2013, such recommendations generated 35% of Amazon’s revenue

(Linden et al., 2003; MacKenzie et al., 2013). More recently, a 2019 Forrester report
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approximated that 67% of large-scale online retailers employed recommendation systems
to aid users in their decision-making (Kodali, 2019). Given their customizable (Chen et
al., 2016; Sarwar et al., 2000) and trustworthy (Wang & Benbasat, 2007) character, and
their ability to positively influence decision quality (Aljukhadar et al., 2012; Dellaert &
Haubl, 2012), recommendations have some of the highest potential to effectively offset
the phenomenon of choice overload (Aksoy et al., 2011; Bollen et al., 2010; Lee &
Benbasat, 2011; Malone & Lusk, 2019).

3.2.2.2 Strategies to Optimize Recommendations

With the exception of retailers that recommend products based on their self-serving
interests (Hunold et al, 2020), most strategies encompassing recommendations explore
how to improve their quality and acceptance, in order to reduce choice overload and
facilitate decision-making for consumers (Blut et al., 2023; Huseynov et al., 2014; Jiang
et al., 2010; Pereira, 2001). The tactics span three main classifications: the mode of
presenting the recommendations (Blut et al., 2023; Tsekouras et al., 2022), the algorithm
that determines which products to recommend, and the source of data used for this
algorithm, and the mode of presenting the recommendations. Presentation methods vary,
with some recommendations appearing only if manually requested by users (Marchand &
Marx, 2020; Tsekouras et al., 2022) and others providing unsolicited suggestions, either
by being embedded within a retailer’s website (Nilashi et al., 2016; Whang & Im, 2021)or
by showcasing separate comprehensive lists of recommended products (Tsekouras et al.,
2022; Xiao & Benbasat, 2007). Commonly used algorithms involve content-based and
collaborative filtering, which respectively focus on recommendations based on products
that were previously liked or visited by e-shoppers, or on preferences of consumers with
similar user profiles (Huang et al., 2007; Lops et al., 2011; Ricci et al., 2022; Sarwar et
al., 2000; Sharma et al., 2021). The sources of information most commonly used for these
techniques include a user’s geographic location (Divyaa & Nargis, 2019; Zhu et al., 2014),
personal or historical purchase information (Jiang & Benbasat, 2005; Kocher et al., 2019),
or social media filtering. The latter either focuses on social tags predictions from blogs
and online communities (Yuan et al., 2015), or suggestions from friends and other peers

(Adabi & de Alfaro, 2012; Garcia Esparza et al., 2012).
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While these sophisticated computational techniques prove effective in industry
applications, they are less practical in a research context, due to limited access to the large
amount of consumer data required to fuel these algorithms (Baier & Stiiber, 2010; Mild
& Reutterer, 2003), and the privacy concerns that arise, as these algorithms necessitate
the usage of sensitive user information (Zhu et al., 2014). In academic contexts, an
acknowledged recommendations algorithm is the Multi-Attribute Decision Making
method (MADM), specifically the Simple Additive Weighting (SAW) formula.
Stemming from the effort-accuracy framework of Payne et al. (1993) and Johnson and
Payne (1985), the MADM-SAW method uses direct user input to consider the subjective
importance of each product criterion for each individual, while simultaneously assessing
the product performance relative to other products (Adriyendi, 2015; Sun et al., 2019).
While this information may be difficult to obtain in practice, the approach has been widely
used in research to optimize recommendations in the contexts of education (Aminudin et
al., 2018; Pratiwi et al., 2014; Santoso et al., 2018), media (Hdioud et al., 2013), and e-
commerce (Engel et al., 2017). For a more comprehensive overview of these algorithms

and their sources, please refer to the meta-analysis by Blut et al. (2023).

Although presentation modes receive much less attention than research involving
recommendations algorithms, scholars and online retailers alike agree on the importance
of personalizing recommendations, in order to optimize their effectiveness against choice
overload and its unfavourable effects (Liang et al., 2006; Xiao & Benbasat, 2018). Yet, a
sparse number of studies have explored alternative personalization methods, beyond those

highlighted in the meta-analysis of Blut et al. (2023).

3.2.3 The Drawbacks of Current Recommendations Systems
3.2.3.1 Inconsistent Results Fueling an Ongoing Debate

In light of this lack of additional personalization strategies, a few limitations emerge from
existing recommendations systems. Many findings have come to contrary conclusions
regarding the assistive role of recommendations in decision-making and their regulating
effect against choice overload (Bollen et al., 2010; Willemsen et al., 2011). For example,

Willemsen et al. (2016) found that recommendations, on the opposite, tend to increase a
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consumer’s perception of choice overload and decrease their choice satisfaction. Haubl et
al. (2010) and Lajos et al. (2009) arrived to similar conclusions, with the latter also
underscoring the resulting deterred attitude and purchase intention. Some researchers
have argued that these detriments arise from insufficiently personalized recommendations
strategies (Liang et al., 2006; Shen, 2014) and that when presented beyond their need,
recommendations may induce a lack of desired control (André et al., 2018; Konstan &
Riedl, 2012; Wertenbroch et al., 2020). Moreover, some scholars have found that
recommendations lead to a decline in decision quality (Aksoy et al., 2006), as users were
more likely to “blindly” trust recommendations, without noticing they were suboptimal
(Banker & Khetani, 2019; Xiao & Benbasat, 2018) or remain within a “cocoon” of options
that are not necessarily optimal (Chen et al., 2022; Dellaert et al., 2017). The authors also
posit that the inconsistencies in results feeding these opposing positions in regard to

recommendations also arise from users’ individual differences.

3.2.3.2 Limitations in Strategies and Evaluation Methods

Although many scholars endeavored to establish a universal information limit that triggers
choice overload (Appiah Kusi et al., 2022; Ho et al., 2021; Lurie, 2004), it is recognized
that the quantity of information required for a user to experience choice overload is
different for every individual. Albeit the presence of some common patterns, the specific
threshold for choice overload largely depends on an individual’s cognitive workload
capacity and individual differences, such as product expertise for example (Chen et al.,
2009; Deck & Jahedi, 2015; Lee & Lee, 2004; Lurie, 2004). Yet, current e-commerce
retailers do not account for these variances and showcase recommendations
systematically, without accounting for a user’s cognitive state, as an indication of choice
overload. As a result, the uncertainty from not knowing precisely when a user is
experiencing choice overload and, therefore, when decision-making might benefit from
or be hindered by recommendations, is likely a significant factor contributing to the

inconsistent results observed in the literature (Gevins & Smith, 2000; Jin et al., 2017).

Another limitation commonly discussed by research groups is the need for novel methods
and measurement tools (Chen et al., 2009; Konstan & Riedl, 2012). As pointed out by
Héaubl and Trifts (2000) and Yan et al. (2016), recommendations may be most optimal
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when consumers have gone beyond the initial screening of alternatives stage of decision-
making and reached the stage of in-depth product comparisons. Though these researchers
aimed to predict the latter, cognitively strenuous decisional stage, through the user’s
location on the site, they bring forward the limitation of this method in terms of potential
prediction inaccuracy. Other approaches were only capable of determining the occurrence
of choice overload after the user’s interaction with the system was completed, either
through retrospective, self-reported measures (Aljukhadar et al., 2012; Appiah Kusi et al.,
2022; Liang et al., 2006; Rose et al., 2004; Wang & Benbasat, 2007; Zhang et al., 2018)
or neurophysiological tools, such as electroencephalography (EEG) (Antonenko et al.,
2010; Gevins & Smith, 2003; Peng et al., 2021; Zhou et al., 2022), functional magnetic
resonance imaging (fMRI) (Miri Ashtiani & Daliri, 2023; Reutkaja et al., 2021; Whelan,
2007) or pupillometry (Fehrenbacher & Djamasbi, 2017; Sirois & Brisson, 2014; Weber
et al., 2021). Some researchers noted the need for reliable measures to assess choice
overload, to regulate the amount of information displayed to online consumers, in order
to avoid choice overload (Appiah Kusi et al., 2022). These limitations in current methods
could benefit from a reliable tool to identify choice overload in real-time and provide

users with recommendations accordingly.

3.2.4 Brain-Computer Interfaces
3.2.4.1 Measuring Choice Overload Through Cognitive Load

A few recent studies have solidified the connection between choice overload and its
neurophysiological manifestation in form of heightened cognitive workload (Ariga, 2018;
Bawden & Robinson, 2020; Chen et al., 2020; Fehrenbacher & Djamasbi, 2017; Peng et
al., 2021; Reutskaja et al., 2020). Cognitive workload (or cognitive load) refers to the
amount of mental effort that is necessary to complete a learning, problem-solving, or
decisional task, which is subject to an individual’s working memory capacity (Malhotra,
1982; Sweller, 1988, 2011). As highlighted by Reutskaja et al. (2020), while some
increase in cognitive load is necessary to adequately complete a task, excessive cognitive
load hinders information processing, leading to inaccurate and low-quality decisions, and

negative impacts on decision-makers’ emotional states. This conclusion is congruent with
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research on choice overload impeding decision-making, and studies that revealed akin
detrimental effects of excessive cognitive load on a decision-making process (Allen et al.,

2014; Bigras et al., 2019; Collins & Collins, 2021; Deck & Jahedi, 2015).

Electroencephalography (EEG) is a well-established modality to measure cognitive
workload through a user’s electrical brain activity (Al-Samarraie et al., 2019; Antonenko
et al., 2010; Fernandez Rojas et al., 2020; Gredin et al., 2020; Guan et al., 2022).
Moreover, due to its high temporal fidelity, portability, and customizability, it has
contributed to recent developments in data processing technology, which allowed for the
possibility of assessing neurophysiological EEG signal in real-time and give rise to neuro-
adaptive systems (Arico et al., 2018; Fernandez Rojas et al., 2020; Guan et al., 2022;
Spuler, 2017).

3.2.4.2 Leveraging Neuro-Adaptive Systems

A neuro-adaptive system, also termed a Brain-Computer Interface (BCI), is a system that
continuously monitors a user’s neurophysiological activity, in order to identify a change
in their cognitive or affective states. When such a change is detected, the system
responsively adapts in real-time, often through an adjustment of on-screen visual stimuli
(Andreessen et al., 2021; Krol & Zander, 2017; Tadson et al., 2023; Wolpaw et al., 2020).
Though the technology originated in the field of biomedical engineering, neuro-adaptive
systems have now extended their application to diverse fields. For example, BCIs have
been used to aid users in controlling or communicating with a device remotely, without
the need for touch or manual manipulation (Ron-Angevin et al., 2019; Velasco-Alvarez
et al.,, 2021; Yangyang Miao et al., 2020). Other applications have been created for
educational purposes to facilitate learning (Eldenfria & Al-Samarraie, 2019) and reading
(Andreessen et al., 2021), or to assist in air traffic control (Di Flumeri et al., 2019). The
flexibility of these systems allows to target both cognitive indices of attention and
engagement (Chen et al., 2020; Perry et al., 2012), and also cognitive load (Andreessen
et al., 2021; Eldenfria & Al-Samarraie, 2019).

Recognizing an opportunity to leverage such neuro-adaptive technology, we aimed to

explore a novel dimension of personalization in presenting e-commerce recommendations
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using the system built by Tadson et al. (2023). Such a system could continuously capture
a user’s cognitive load during their interaction with an e-commerce website and, upon
detecting an excessive cognitive workload, indicative of choice overload, the system
could display product recommendations. This approach could both (a) accommodate
users that require recommendations to alleviate choice overload, thereby facilitating their
decision-making, and (b) avoid impeding the decision-making process by indistinctively
providing recommendations even when they are beyond need to users not experiencing
choice overload. This strategy addresses the conflicting findings resulting from generic
recommendations and the limitations in current measurement tools, both discussed in the

previous subsection.

33 Conceptual Framework and Hypotheses

We began to explore the connection between recommendations and decision-making
outcomes through the lens of the behavioural decision theory first proposed by Simon
(1959). This theory offers a foundational structure for understanding the mechanisms and
patterns of human behaviour that comprise a decision-making process. We adopted two
established models of this theory to guide our own research: the effort-accuracy
framework (Johnson & Payne, 1985; Payne et al., 1993) and the metacognitive model of
the decision-making process under information overload (Takemura, 1985, 2014). The
former considers that at the core of decision-making lies the trade-off between the
cognitive effort, i.e., “cost” required for a decision, and the “benefit” of making an
accurate selection. In other words, in given circumstances, some decision-makers
prioritize decision quality (accuracy), even if it requires substantial mental effort, while
others opt for ease of decision, compromising on decision accuracy. The second model,
the metacognitive model of the decision-making process under information overload
(Takemura, 1985, 2014), complements the first one by positing that decision-making
relies not only on the interplay of task complexity, but also on individual factors (such as
level of expertise, involvement, and other aspects) and a metacognitive mechanism. This
mechanism refers to how difficult an individual perceives a task to be, enabling them to

allocate appropriate cognitive resources to complete the decision.
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In the context of our research, we therefore isolated the display of recommendations as
the sole manipulated variable to investigate its effects on two key dimensions: first, we
looked at subjective and objective decisional outcomes of recommendations proposed by
Xiao and Benbasat (2007). Secondly, we considered the context of choice overload and
individual characteristics that could influence decision-making, as per the model by
Takemura (2014) and the discourse brought forth by numerous studies to explore the
influence of individual differences on the effects of recommendations (Aljukhadar et al.,

2017; Appelt et al., 2011; Johnson et al., 2012; Xiao & Benbasat, 2014).

Our theorizing and hypotheses are summarized in a proposed conceptual framework
(Figure 7) and in the subsections below. Table 4, at the end of this section, provides an

overview of these hypotheses.
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Figure 7. Proposed Conceptual Framework

3.3.1 The Direct Effects of Recommendations on Decision-Making Outcomes in
a Context of Choice Overload

3.3.1.1 Choice Satisfaction

Choice satisfaction has been regarded an important construct commonly addressed in
consumer and marketing research involving decision-making, primarily because it has
been conceptualized to precede the act of purchase (Yi, 1990; Yoon et al., 2013) and
indirectly link to more frequent consumption through increasing customer loyalty (Arora
& Narula, 2018; Leninkumar, 2017). It has also served as a close indicator of overall
perceived service quality (Zeithaml et al., 2006), a feature online retailers strive towards.

In the context of larger assortment sizes, despite consumers enjoying the variety of choice
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(Iyengar & Lepper, 2000; Yan et al., 2016), research suggests they are prone to
experiencing less choice satisfaction, even if they would select the same product as in a

smaller assortment of goods (Diehl & Poynor, 2010).

Though with exceptions, current literature thus largely supports industry practices in
showcasing product recommendations to increase choice satisfaction (Addepalli et al.,
2016; Angela Chang & Kukar-Kinney, 2011; Bettman et al., 2008; Dabholkar & Sheng,
2012; Heitmann et al., 2007; Jiang et al., 2010). We therefore aligned our hypotheses with
these findings, which suggest that consumers receiving recommendations experience
greater choice satisfaction than those that are not exposed to recommendations,
particularly in a context where there are copious quantities of product alternatives and

attributes to evaluate (Blut et al., 2023; Bollen et al., 2010).

Hla: Ina context of choice overload, perceived choice satisfaction will be higher
when  recommendations are presented statically than  when
recommendations are not presented.

H1b: Ina context of choice overload, perceived choice satisfaction will be higher
when recommendations are presented neuro-adaptively than when
recommendations are not presented.

However, given the absence of prior research employing a neuro-adaptive system, we
framed our next assumption based on a salient consideration highlighted by studies that
emphasized the importance of personalizing recommendations and the overall online
shopping experience to ensure the former indeed play a positive role in increasing choice
satisfaction (Knijnenburg et al., 2010; Liang et al., 2006; Shen, 2014). We thus posited
that the neuro-adaptive condition’s ability to tailor the display of recommendations based
on individual workload capacity would contribute to perceiving the experience as more
personalized, resulting in participants attributing, in that instance, a higher level of

satisfaction to their choice of product.

Hlc: Ina context of choice overload, perceived choice satisfaction will be higher
when recommendations are presented neuro-adaptively than when
recommendations are presented statically.
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3.3.1.2 Choice Confidence

Choice confidence is another salient component of decision-making commonly studied
hand-in-hand with choice satisfaction (Aljukhadar et al., 2010; Harris & Gupta, 2008; Zhu
et al., 2018), as it provides insight into how online shoppers think and behave (Andrews,
2016; Heitmann et al., 2007). Some research groups go as far as operationalizing the
concept as perceived decision quality (Pereira, 2001; Xiao & Benbasat, 2018), the extent
to which consumers believe their decision is correct (Petrocelli et al., 2007) and justifiable
(Heitmann et al., 2007), and how much they consider themselves in control of a choice
situation (Nataraajan & Angur, 1998). In practical terms, higher choice confidence
translates to a higher willingness-to-pay (Thomas & Menon, 2007), increased purchase

intention (Laroche et al., 1996), and stronger choice commitment (Clarkson et al., 2008).

According to Heitmann et al. (2007), choice confidence is an inherent goal of decision-
making, but becomes increasingly harder to achieve as choice sets grow in number and
complexity, hence the widely adopted usage of recommendations. Based on this
assumption and prior research by Harris and Gupta (2008) and Reed et al. (2012), we

proposed a positive impact of recommendations on choice confidence.

H2a: In a context of choice overload, perceived choice confidence will be higher
when  recommendations are presented statically than when
recommendations are not presented.

H2b: In a context of choice overload, perceived choice confidence will be higher
when recommendations are presented neuro-adaptively than when
recommendations are not presented.

Additionally, as the current state of the art often implies a correlation between choice
satisfaction and choice confidence (Heitmann et al., 2007; Xiao & Benbasat, 2018; Zhu

et al., 2018), we followed the logic of choice satisfaction to introduce an akin hypothesis

in favour for the more personalized, neuro-adaptive recommendations condition.
H2c: Ina context of choice overload, perceived choice confidence will be higher

when recommendations are presented neuro-adaptively than when
recommendations are presented statically.
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3.3.1.3 Decision Quality

At the core of facilitating consumers’ decision-making through recommendations lies the
objective of improving the behavioural outcomes of their decision, concentrating on
decision quality. Specifically, in addressing objective decision quality, we aimed to
complement subjective decision quality, which has been explored as a proxy of choice
confidence, based on the work of Xiao and Benbasat (2018) and Pereira (2001). Despite
the ongoing debate that questions the positive outcomes of recommendations, we referred
to the compelling results of the larger body of research as a basis for our hypotheses. The
latter suggest that recommendations help consumers in selecting more optimal products,
thereby improving decision quality (Blut et al., 2023; Haubl & Trifts, 2000; Swaminathan,
2003; Todd & Benbasat, 1994). Other findings extend this idea, advancing that when
presented with decisional aids in form of recommendations, some consumers will mostly
rely on this assistance to select a product (Xiao & Benbasat, 2007, 2014). As such, as long
as recommended products comprise optimal choices for given consumers, decision
quality should improve. Building on these assumptions, we hypothesized that the presence

of recommendations will effectively aid users in improving the quality of their decision.

H3a: In a context of choice overload, objective decision quality will be higher
when  recommendations are presented statically than when
recommendations are not presented.

H3b: In a context of choice overload, objective decision quality will be higher
when recommendations are presented neuro-adaptively than when
recommendations are not presented.

As no previous study has specifically examined the effects of neuro-adaptive
recommendations, we drew our subsequent hypothesis based on the scant research that
suggests a greater acceptance of product recommendations, resulting in improved
decision quality, when a temporal component guides their presentation: recommendations
would either be presented on a separate webpage, assuming that was an indicator of users
having reached the in-depth comparison of alternatives decision stage (Haubl & Trifts,
2000; Yan et al., 2016), or recommendations would be presented during a different
browsing session altogether, sometimes several days apart (Campos et al., 2010; Gantner

et al., 2010; Kohler et al., 2011; Li et al., 2017). Moreover, other studies have found that
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consumers are prone to follow recommendations when they are unexpected, regardless of
their subjective perception about the quality of the suggestion (Robinette et al., 2016;
Salem et al., 2015). With this premise, we hypothesized that participants’ behaviour in

the neuro-adaptive condition would mirror this pattern, thus enhancing decision quality.

H3c: In a context of choice overload, objective decision quality will be higher
when recommendations are presented neuro-adaptively than when
recommendations are presented statically.

3.3.1.4 Decision Time

While contradicting findings fuel the debate between different researchers on whether
higher decision times are a favourably or unfavourably decisional outcome, a common
ground prevails in attributing higher decision times for larger quantities of information,
product choices, and more complex product attributes (Chernev et al., 2015; Eppler &
Mengis, 2004; Haubl & Trifts, 2000; Iyengar & Lepper, 2000; Scheibehenne et al., 2010).
Based on these conclusions, we believed that showcasing recommendations would result
in individuals focusing not on the total array of products, but only on the product options
that are recommended instead, hence having less choice items to evaluate, which could
reduce decision times (Bollen et al., 2010; Crocoll & Coury, 1990). As a result, with
lower quantities of products and information to evaluate, we assumed that
recommendations will lead to, in general, lower decision times, compared to conditions

without such assistance.

H4a: In a context of choice overload, decision time will be lower when
recommendations are presented statically than when recommendations are
not presented.

H4b: In a context of choice overload, decision time will be lower when
recommendations are  presented neuro-adaptively  than  when
recommendations are not presented.

On the other hand, given the dearth of investigations of neuro-adaptive recommendations,
we formulated our following hypothesis based on a rare study by Tokushige et al. (2017)
involving recommendations showcased unexpectedly. Participants in this study were

unaware of when or if these recommendations would appear, which aligns with our neuro-
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adaptive approach. Tokushige et al. (2017) found that unexpected recommendations
lengthened decision time only if they were inaccurate. As our system was designed to
provide accurate recommendations and at a moment deemed optimal, we assumed

decision time in the neuro-adaptive condition would be the shortest.

H4c: In a context of choice overload, decision time will be lower when
recommendations are presented neuro-adaptively  than  when
recommendations are presented statically.

3.3.2 The Mediating Role of Choice Overload between Recommendations and
Decision-Making Outcomes

3.3.2.1 The Impact of Recommendations on Perceptions of Choice Overload

Despite many findings supporting the regulating effect of recommendations against
choice overload (Chen et al., 2016; Mishra & Kumar, 2023; Rose et al., 2004; Wang &
Benbasat, 2007), some have yielded inconsistent results (Chen et al., 2022; Dellaert et al.,
2017; Liang et al., 2006; Zhang et al., 2018). As it is unclear when precisely a given user
might be overloaded and thus need recommendations, the latter studies argue that
unnecessary recommendations comprise information that is potentially of no use to
consumers, which may in fact lead to more information overload (Edmunds & Morris,
2000; Eppler & Mengis, 2004). Considering this debate, we positioned our hypotheses in
alignment with the larger body of knowledge, which attributes a generally positive role to

recommendations in managing choice overload.

Hb5a: In a context of choice overload, perceived choice overload will be lower
when  recommendations are presented statically than when
recommendations are not presented.

H5b: In a context of choice overload, perceived choice overload will be lower
when recommendations are presented neuro-adaptively than when
recommendations are not presented.

However, we introduce a granularity to support the potential limitation raised by the
smaller group of researchers regarding the conflicting effect of recommendations in the
absence of choice overload (Edmunds & Morris, 2000; Eppler & Mengis, 2004). To

investigate this limitation, we employed the neuro-adaptive condition, which displayed
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recommendations only when they are necessary (i.e., when users were experiencing

excessive cognitive workload). Hence, we formulated the following hypothesis.

H5c: In a context of choice overload, perceived choice overload will be lower
when recommendations are presented neuro-adaptively than when
recommendations are presented statically.

3.3.2.2 The Impact of Recommendations on Decisional Outcomes Mediated Through
Choice Overload

Though some studies examine the direct impact of recommendations on decisional
outcomes, many point to the phenomenon of choice overload to explain the effects of this
e-commerce strategy. Notable studies and meta-analyses (Chernev et al., 2015; Liu et al.,
2023; Scheibehenne et al., 2010) have examined a wide spectrum of studies to come to
the common conclusion that choice overload negatively impacts a range of decisional
factors including our aforementioned constructs of interest, i.e., choice satisfaction (Hu &
Krishen, 2019) and confidence (Haynes, 2009), as well as decision quality (Lee & Lee,
2004) and time (Fasolo et al., 2007; Haynes, 2009).

We therefore deemed necessary to incorporate in our conceptual framework the mediator
of choice overload between our recommendations display conditions and the decisional
outcomes measured. As the role of choice overload is holistically hindering to decision-
making (Fasolo et al., 2007; Haynes, 2009; Hu & Krishen, 2019; Lee & Lee, 2004), we

formulated our hypotheses accordingly.

Hb6a: In a context of choice overload, the relationship between the type of
recommendations and perceived choice satisfaction will be mediated by
perceived choice overload, where higher perceived choice overload will
contribute to lower perceived choice satisfaction.

H6b: In a context of choice overload, the relationship between the type of
recommendations and perceived choice confidence will be mediated by
perceived choice overload, where higher perceived choice overload will
contribute to lower perceived choice confidence.

Hob6c: In a context of choice overload, the relationship between the type of
recommendations and objective decision quality will be mediated by
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perceived choice overload, where higher perceived choice overload will
contribute to lower objective decision quality.

Hé6d: In a context of choice overload, the relationship between the type of
recommendations and decision time will be mediated by perceived choice
overload, where higher perceived choice overload will contribute to higher
decision time.

3.3.3 Moderators Affecting Choice Overload and Decision-Making Outcomes
3.3.3.1 Compliance with Recommendations

An important consideration is that any observed effect of recommendations may be
moderated by whether individuals acknowledge and accept the system’s recommendation
or not — a concept we labeled as compliance with recommendations. While factors
impacting the intent of accepting recommendations are commonly explored in research
(Baier & Stiiber, 2010; Gershoff et al., 2003; Kohler et al., 2011; Sheng et al., 2014), this
avenue fell outside of the scope of our study. Instead, we focused on compliance in terms
of behaviour observed among participants (Baier & Stiiber, 2010; Bigras et al., 2019;
Melovic et al., 2020; Xu et al., 2020). Though we considered that the mere presence of
recommendations may affect the decision-making process and thus outcomes, we posited
that the effect may be amplified if participants follow one of the recommendations.
Building on our hypotheses related to decisional outcomes, we predicted that participants
that follow recommendations would have a smaller range of products to focus on and
would thus experience less choice overload (Iyengar & Lepper, 2000), higher levels of
choice satisfaction and confidence (Aljukhadar et al., 2010; Xiao & Benbasat, 2018),
which would also lead to optimized decision quality and time (Blut et al., 2023; Eppler &
Mengis, 2004). Conversely, users that would not select the recommendations, would have
the full range of products to consider, thus resulting in a reduced positive impact of

recommendations.

H7a: In a context of choice overload, compliance with recommendations will
moderate the relationship between the type of recommendations and
perceived  choice overload, where greater compliance  with
recommendations will contribute to decreasing perceived choice overload.
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H7b: In a context of choice overload, compliance with recommendations will
moderate the relationship between the type of recommendations and
perceived choice satisfaction, where greater compliance with
recommendations will contribute to increasing perceived choice
satisfaction.

H7c: In a context of choice overload, compliance with recommendations will
moderate the relationship between the type of recommendations and
perceived choice confidence, where greater compliance with
recommendations will contribute to increasing perceived choice
confidence.

H7d: In a context of choice overload, compliance with recommendations will
moderate the relationship between the type of recommendations and
objective  decision quality, where greater compliance  with
recommendations will contribute to increasing objective decision quality.

H7e: In a context of choice overload, compliance with recommendations will
moderate the relationship between the type of recommendations and
decision time, where greater compliance with recommendations will
contribute to decreasing decision time.

3.3.3.2 Consumer Product Involvement

Consumer product involvement is a measure that helps predict the subjective value an
individual attributes to a specific product category (Mcquarrie & Munson, 1992). As per
Takemura’s (1985, 2014) metacognitive mechanism model, one of the guiding
frameworks of our research described earlier, the level of involvement, specifically
product involvement — as opposed to situational involvement, which is context-dependent
according to Slama and Tashchian (1985) — is among the psychological states of the
decision-maker which help the latter allocate appropriate cognitive resources to formulate
a decision. It was thus included in our study, as it has been demonstrated to also have
potential implications in decision-making related to purchase (Verhagen & Bloemers,
2018) and online shopping behaviour (Kean Yew & Kamarulzaman, 2020). This guided

the elaboration of our hypotheses regarding product involvement.

Specifically, a high degree of involvement is prone to stimulate cognitive elaboration,

leading to increased mental resources allocated to the decision-making process
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(Takemura, 2014). We posited that this inclination for individuals to engage additional
processing resources may result in an increase in their perception of choice overload.
Additionally, consistent with the well documented discussion about higher involvement
motivating individuals to spend more time searching for products (Brucks, 1985; Hoch &
Deighton, 1989), we hypothesized that this deeper processing of product information
could occasion greater decision times. In turn, because choice confidence and choice
satisfaction are recognized to follow the pattern of expended effort (Liberman & Tversky,
1993; Maheswarappa et al., 2017), we suggested that higher levels of involvement would
bring increased choice satisfaction and confidence. On the other hand, lower levels of
involvement may occasion consumers to resort to heuristics and easily understood but
potentially misleading cues, which may give rise to decisional errors (Chen & Chaiken,
1999). As such, we speculated that the tendency of highly involved consumers to further
scrutinize product information (Petty & Cacioppo, 2012) could lead to more optimal

decision-making. Below is a detailed breakdown of the aforementioned hypotheses.

H8a: In a context of choice overload, consumer product involvement will
moderate the relationship between the type of recommendations and
perceived choice overload, where higher consumer product involvement
will contribute to increasing perceived choice overload.

HS8b: In a context of choice overload, consumer product involvement will
moderate the relationship between the type of recommendations and
perceived choice satisfaction, where higher consumer product involvement
will contribute to increasing perceived choice satisfaction.

HS8c: In a context of choice overload, consumer product involvement will
moderate the relationship between the type of recommendations and
perceived choice confidence, where higher consumer product involvement
will contribute to increasing perceived choice confidence.

H8d: In a context of choice overload, consumer product involvement will
moderate the relationship between the type of recommendations and
objective decision quality, where higher consumer product involvement
will contribute to increasing decision quality.

HS8e: In a context of choice overload, consumer product involvement will
moderate the relationship between the type of recommendations and
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decision time, where higher consumer product involvement will contribute
to increasing decision time.

3.3.3.3 Product Expertise

Another influential factor that plays a role in consumer decision-making and choice
overload is the level of perceived product expertise. Referring to the subjective degree of
knowledge individuals believe they possess about a specific product category (Brucks,
1985), product expertise has been widely recognized as an intrinsic factor affecting
decision-making (Broniarczyk & Griffin, 2014; Hadar et al., 2013; Senecal & Nantel,
2004). It is also theorized that the level of product expertise is an indicator of “the degree
to which individuals have articulated preferences with respect to the decision at hand”
(Chernev et al., 2015, p. 336). It thus serves an important dimension in assessments of
purchase decision-making in consumer research (Heitmann et al., 2007; Yoon et al.,

2013), which led us to include it in our study to assess its moderating role.

Concretely, studies have demonstrated that a high level of expertise in a certain product
category leads to consumers exerting less cognitive effort during a product selection
process (Xiao & Benbasat, 2007). This can be attributed to both their higher ability to
efficiently encode novel information about product choices (Chinchanachokchai et al.,
2021; Hutchinson & Herrmann, 2008), and their capacity to concentrate solely on the
information that is relevant to the task at hand (Eppler & Mengis, 2004; Petty & Cacioppo,
2012; Shanteau, 1992). As a result, researchers have shown that higher levels of product
expertise play a moderating role in alleviating perceptions choice overload (Chernev et
al., 2015; Hadar & Sood, 2014; Hu & Krishen, 2019; Mogilner et al., 2008), which served
as a foundation of our first hypothesis. Choice satisfaction, on the other hand, has been
shown to be positively moderated by product expertise (Richins & Bloch, 1991; Soliha et
al., 2019), which led us to speculate that the moderation effect in our research framework
would follow the same pattern. Moreover, as suggested by Chernev et al. (2015), the more
articulated preferences of expert individuals tend to bring higher levels of confidence to
decision-makers. Regarding behavioural outcomes, those with lower levels of product
expertise have shown to be more prone to biases and focus on easy to understand, but

irrelevant product attributes, leading to lower decision quality (Maheswarappa et al.,
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2017; Punj, 2012; Swaminathan, 2003). In the same vein, some research groups suggest
that product expertise fosters more selectivity and efficiency in acquiring and processing
product information (Bei & Widdows, 1999; Yoon et al., 2013), which guided our

assumption that this construct may moderate decision times by reducing them.

HY%a: In a context of choice overload, product expertise will moderate the
relationship between the type of recommendations and perceived choice
overload, where higher product expertise will contribute to reducing
perceived choice overload.

HY9b: In a context of choice overload, product expertise will moderate the
relationship between the type of recommendations and perceived choice
satisfaction, where higher product expertise will contribute to increasing
perceived choice satisfaction.

HY9c: In a context of choice overload, product expertise will moderate the
relationship between the type of recommendations and perceived choice
confidence, where higher product expertise will contribute to increasing
perceived choice confidence.

HY9d: In a context of choice overload, product expertise will moderate the
relationship between the type of recommendations and objective decision
quality, where higher product expertise will contribute to increasing
decision quality.

HYe¢: In a context of choice overload, product expertise will moderate the
relationship between the type of recommendations and decision time,
where higher product expertise will contribute to reducing decision time.

3.3.3.4 Psychological Reactance

An additional individual trait (Fitzsimons & Lehmann, 2004) that has shown to moderate
decisional outcomes is psychological reactance. It describes an individual’s perceived
threat of freedom which results in unpleasant arousal (Steindl et al., 2015), i.e., the sense
of discomfort stemming from a feeling of being limited in one’s freedom of choice or
response (Brehm, 1966; Brehm & Brehm, 1981). Some research findings have noted that
the presence of unsolicited product recommendations, despite being well intended, may
evoke a lack of desired control (Konstan & Riedl, 2012; Wertenbroch et al., 2020) and a

feeling of reduced freedom, particularly among individuals with a high degree of
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psychological reactance (Kwon & Chung, 2010; Lee & Lee, 2009; Yanping & Yan, 2012).
Occasionally, this perceived loss of autonomy has resulted in resistance to
recommendations and a behavioural tendency to oppose them (Fitzsimons & Lehmann,
2004; Steindl et al., 2015). Given these conclusions, we deemed relevant to include the

construct in our research framework.

As such, we posited that the favourable effects of product recommendations on decisional
outcomes would be less pronounced for individuals with a high psychological reactance.
Though no direct interplay between psychological reactance and choice overload has, to
our knowledge, been studied, research has shown that when a state of reactance is
experienced, individuals exert behavioural and cognitive efforts to restore their threat of
freedom (Kim et al., 2013; Nesterkin, 2013; Rains, 2013; L. Shen & J. Dillard, 2005;
Steindl et al., 2015). Moreover, high reactance individuals may perceive
recommendations as a form of persuasion technique, which may manifest itself in the
form of negative cognition, such as anger and disagreement (Lee et al., 2010; Rosenberg
& Siegel, 2018; Steindl et al., 2015). In turn, this may impede the allocation of cognitive
resources to efficiently process information and concentrate on the decision or task at
hand (Allen et al., 2014; Kalanthroff et al., 2013; Padmala et al., 2011; Shields et al.,
2016). Therefore, we suggested that an individual’s perceptions of choice overload and,
incidentally, decision time may be increased due to these impaired executive functions.
Moreover, we devised our choice satisfaction and confidence hypotheses based on
findings by Kwon and Chung (2010), which showed that high-reactance consumers
experienced lower levels of satisfaction and confidence regarding their choice, when
exposed to traditional product recommendations. These results are congruent with those
of research groups that accentuate the negative affect that could be experienced by
individuals with high reactance scores, when they perceive their freedom as threatened
(Rosenberg & Siegel, 2018; Steindl et al., 2015). Finally, as demonstrated by many studies
on recommendations (Fitzsimons & Lehmann, 2004; Lee et al., 2010; Steindl et al., 2015),
the predisposition of high reactance individuals to defy this decisional aids, may reduce
their likelihood of selecting a product that is recommended, which may result in reducing

the objective optimality of their choice, i.e., their decision quality.
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H10a: In a context of choice overload, psychological reactance will moderate the
relationship between the type of recommendations and perceived choice
overload, where higher psychological reactance will contribute to
increasing perceived choice overload.

H10b: In a context of choice overload, psychological reactance will moderate the
relationship between the type of recommendations and perceived choice
satisfaction, where higher psychological reactance will contribute to
decreasing perceived choice satisfaction.

H10c: In a context of choice overload, psychological reactance will moderate the
relationship between the type of recommendations and perceived choice
confidence, where higher psychological reactance will contribute to
decreasing perceived choice confidence.

H10d: In a context of choice overload, psychological reactance will moderate the
relationship between the type of recommendations and objective decision
quality, where higher psychological reactance will contribute to
decreasing objective decision quality.

H10e: In a context of choice overload, psychological reactance will moderate the
relationship between the type of recommendations and decision time,
where higher psychological reactance will contribute to increasing
decision time.

3.3.3.5 Need for Cognition

Another individual difference that, though less frequently addressed, has been
demonstrated to influence information processing and decision making, is need for
cognition (Curseu, 2006; Kuvaas & Kaufmann, 2004; Smith & Levin, 1996). A concept
initially proposed by Cacioppo and Petty (1982), it refers to the tendency of individuals
to vary in their intrinsic motivation to engage in and enjoy cognitively effortful activities.
In other words, individuals that score high on need for cognition are inclined to actively
seek and find satisfaction in deliberate thinking and problem-solving. In contrast, those
with low scores do not engage in such cognitive processes, unless compelled by necessity
or provided incentives (Leary & Hoyle, 2009). This construct was deemed particularly
relevant to include in our hypotheses, given the metacognitive dimension in Takemura’s
(1998, 2014) framework described earlier; individuals high in need for cognition have

also been shown to engage in more metacognition through pondering about the thoughts
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they generate (Petty et al., 2007) and self-assessing their validity (Petty et al., 2002). We
therefore posited that need for cognition will serve as a moderator in the context of our

framework.

On a finer-grained level, we hypothesized that the tendency of individuals with a high
need for cognition to involve themselves in more effortful analysis (Liu et al., 2015; Petty
et al., 2009; Verplanken, 1993) could engender a perception of higher choice overload.
However, as those with higher need for cognition scores also enjoy such more thorough
cognitive activities (Cacioppo et al., 1996; Curseu, 2006; Petty et al., 2009), and prefer
making decisions when more thinking rather than intuition is involved (Petty et al., 2009;
Petty et al., 2007; Wegener & Petty, 2001), we assumed that levels of satisfaction will be
positively moderated by higher scores of need for cognition. As advanced by Cacioppo et
al. (1996), individuals with a high need for cognition tend to engage in such thought-
seeking behaviour as a means of reducing choice uncertainty. This aligns with Curseu’s
(2006) findings, whose results showed a significant negative relationship between higher
levels of need for cognition and choice uncertainty (indecisiveness). Translating these
results into our framework, we proposed that a higher need for cognition would tend to
increase choice confidence. Furthermore, not only do high need for cognition decision-
makers seek out deeper thinking, and therefore engage with information at “greater depth
and breadth” (Levin et al., 2000, p. 174), they also tend to reflect more thoroughly on
pertinent, task-related information, as observed by Curseu (2006). This inclination toward
deeper cognitive reasoning has shown to make them less susceptible to external cues,
decision-making biases and heuristics (Cacioppo et al., 1996). Consequently, in line with
the findings by Levin et al. (2000), we expected that these individuals would demonstrate
higher levels of decision quality. Lastly, as more time is required for the in-depth and
comprehensive processing of information that individuals with high need for cognition

scores engage in, we believe such behaviour would underlie longer decision times.

Hlla: In a context of choice overload, need for cognition will moderate the
relationship between the type of recommendations and perceived choice
overload, where higher need for cognition will contribute to increasing
perceived choice overload.
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HI11b: In a context of choice overload, need for cognition will moderate the
relationship between the type of recommendations and perceived choice
satisfaction, where higher need for cognition will contribute to increasing
perceived choice satisfaction.

Hllc: In a context of choice overload, need for cognition will moderate the
relationship between the type of recommendations and perceived choice
confidence, where higher need for cognition will contribute to increasing
perceived choice confidence.

Hlld: In a context of choice overload, need for cognition will moderate the
relationship between the type of recommendations and objective decision
quality, where higher need for cognition will contribute to increasing
objective decision quality.

Hlle: In a context of choice overload, need for cognition will moderate the
relationship between the type of recommendations and decision time,
where higher need for cognition will contribute to increasing decision
time.

Table 4. Summary of all hypotheses

H Hypothesis*

Direct Effects of Recommendations on Decision-Making Outcomes in a Context
of Choice Overload

H1la | Choice satisfaction is higher in static vs control condition

H1 H1b | Choice satisfaction is higher in neuro-adaptive vs control condition

H1c | Choice satisfaction is higher in neuro-adaptive vs static condition

H2a | Choice confidence is higher in static vs control condition

H2 | H2b | Choice confidence is higher in neuro-adaptive vs control condition

H2c¢ | Choice confidence is higher in neuro-adaptive vs static condition

H3a | Decision quality is higher in static vs control condition

H3

H3b | Decision quality is higher in neuro-adaptive vs control condition

4 All our hypotheses are built on the assumption of association between the variables. The formulation
“increase/decrease” is used for sake of simplicity, and not to allude to a causal relationship.

82



H3c

Decision quality is higher in neuro-adaptive vs static condition

H4

H4a | Decision time is lower in static vs control condition
H4b | Decision time is lower in neuro-adaptive vs control condition
H4c¢ | Decision time is lower in neuro-adaptive vs static condition

The Mediating Role of Choice Overload between Recommendations and
Decision-Making Outcomes

H5a | Choice overload is lower in static vs control condition

HS5 | H5b | Choice overload is lower in neuro-adaptive vs control condition
H5¢ | Choice overload is lower in neuro-adaptive vs static condition
Heé6a | Choice overload decreases choice satisfaction.
H6b | Choice overload decreases choice confidence.

Hé6
H6c | Choice overload decreases decision quality.
H6d | Choice overload increases decision time.

Moderators Affecting Choice Overload and Decision-Making Outcomes

H7a | Compliance with recommendations decreases choice overload.
H7b | Compliance with recommendations increases choice satisfaction.
H7 | H7c¢ | Compliance with recommendations increases choice confidence.
H7d | Compliance with recommendations increases decision quality.
H7e | Compliance with recommendations decreases decision time.
H8a | Consumer product involvement increases choice overload.
H8b | Consumer product involvement increases choice satisfaction.
HS H&8¢ | Consumer product involvement increases choice confidence.
H8d | Consumer product involvement increases decision quality.
H8e | Consumer product involvement increases decision time.
HY9a | Product expertise decreases choice overload.
H9b | Product expertise increases choice satisfaction.
H9 H9Y9¢ | Product expertise increases choice confidence.
H9d | Product expertise increases decision quality.
H9Y9¢ | Product expertise decreases decision time.
H10 | H10a | Psychological reactance increases choice overload.
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H10b | Psychological reactance decreases choice satisfaction.

H10c | Psychological reactance decreases choice confidence.

H10d | Psychological reactance decreases decision quality.

H10e | Psychological reactance increases decision time.

H 1 1a | Need for cognition increases choice overload.

H11b | Need for cognition increases choice satisfaction.

H11 | H11c | Need for cognition increases choice confidence.

H11d | Need for cognition increases decision quality.

H11e | Need for cognition increases decision time.

34 Methodology

3.4.1 Experimental Design

The experiment used a within-subjects study design, and consisted of three experimental
conditions: control, static, and neuro-adaptive (see below). The experimental task was
designed to replicate the essence of an online shopping experience, where participants
would need to select one laptop within a provided assortment. A total of three trials was
presented in each condition, for a total of nine trials per participant. The order of assigned
conditions was randomized for each individual to avoid selection bias, but trials within
each condition followed the same order to preserve consistency in stimulus presentation

within conditions (Ersner-Hershfield et al., 2009; Tian et al., 2022).

The control and static conditions were congruent with currently employed all-or-nothing
methods of assessing the effects of product recommendations and choice overload (Diehl,
2005; Maheswarappa et al., 2017; Wu et al., 2011). In the control condition, no
recommendations were displayed, and in the static condition, recommendations were
displayed to users continuously, from the start until the end of the trial. These two
conditions were included to effectively benchmark our newly proposed, neuro-adaptive
method aimed to evaluate the effects of recommendations more optimally in a context of
choice overload. This neuro-adaptive method comprised a condition that began without

any recommendations but automatically triggered their display if the system would
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receive a real-time neurophysiological signal that the participant was experiencing
excessive cognitive load, a recognized indicator choice overload (Ariga, 2018; Bawden
& Robinson, 2020; Chen et al., 2020; Fehrenbacher & Djamasbi, 2017; Peng et al., 2021;
Reutskaja et al., 2020). The signal was based on electroencephalographic (EEG) data that
was recorded throughout the experiment. To capture the purest and highest signal quality,
the experiment was conducted in a laboratory setting and participants were placed in a

Faraday cage, which purged all electrical signals from the surrounding environment.

3.4.2  Participants

The study was conducted on a sample number of 55 participants, aged 19 to 50 years (28
female; M: 27.4; SD: 7.9). Most participants were recruited through the university’s
research panel, and a few through word-of-mouth. All were required to sign a consent
form, in line with our institution’s ethics review board, which also approved the study
under certificate ID 2023-5071. Participants received a compensatory amount of $50 for
their participation. Recruited individuals were screened for right-handedness, having
normal or corrected vision, not having undergone laser eye surgery, not possessing any
skin allergies, not being diagnosed with any psychophysiological disorder

(neurodiversity) and having low to average hair density.

3.43 Stimuli
3.4.3.1 Design for Potential Choice Overload

As we wanted to evaluate recommendations in the context of choice overload, we
designed the user interface with an interest of complexifying the decision-making
associated with the task and potentially inducing choice overload. To achieve this, we
presented an array of 24 products per trial, a quantity considered a high assortment size
(Greifeneder et al., 2009; Iyengar & Lepper, 2000). However, as Chernev et al. (2010)
and Scheibehenne et al. (2010) suggested, merely increasing the number of available
options might not be sufficient to evoke choice overload. We therefore selected a product
category that could accommodate at least 8 attributes per product, as proposed by

Greifeneder et al. (2009). Laptops were thus our product category of choice due to their
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prior use in consumer decision-making research (Dhar, 1996; Jiang et al., 2010; Sela &
Berger, 2012), and because they enabled us to incorporate multiple product attributes. To
define our attributes, we adapted those from a similar study on smartphone product
selection, conducted by Okfalisa et al. (2020), resulting in: screen size (inches), RAM
(GB), price (CAD §$), SSD memory (GB), battery life (hours), screen resolution (px),
processor speed (GHz), and weight (kg).

To remain consistent with the literature, the product selection interface for each trial took
form of a table, akin to notable decision-making studies (Baczkiewicz, 2021; Dhar, 1996;
Héaubl & Trifts, 2000). Rows represented the different products and columns showcased
their different attributes. This matrix format was also selected in an aim to eliminate the
possible impact of other on-screen elements on choice overload (Emami & Chau, 2020;
Townsend & Kahn, 2014), other than the products and their attributes. Additionally, to
avoid biasing participants in their decision-making, we purged the interface of all product
images (Petty et al., 2009) and brand names (Misuraca et al., 2019; Rahinel et al., 2021).
The product display table was also designed to include an extra column entitled
“Recommendations”, which served to identify products that were recommended by the
system (see Manipulation of Recommendations section). Though the control condition
presented no recommendations, an empty “Recommendations” column was still present
in the product matrix to keep the visual stimuli as consistent as possible across the

experimental conditions.

3.4.3.2 Manipulation of Recommendations

Since the display of recommendations aimed to potentially reduce choice overload, only
three products were recommended per trial, congruent prior research (Chernev et al.,
2015; Iyengar & Lepper, 2000), which identified three products as a small enough
assortment size to generally be considered cognitively manageable by consumers. When
recommendations would be displayed, the row of the recommended product would be
highlighted in pastel green and the “Recommendations” column would display the text
“Based on your personal preferences, this is one of the best products for you.” vis-a-vis
the product that was recommended. Such verbal language was chosen, based on previous

work by Senecal and Nantel (2004) that posited that optimal formulation of
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recommendations consists of identifying the source of aid to be non-personal (i.e., from
the system, not an expert or peer), but the proposed recommendation to be clearly

portrayed as personalized.

The on-screen adaptation in form of recommendations, however, would not appear during
the first and last 12 seconds of every trial (that is, the first two and last two cognitive load
classifications received by the system). This buffer was introduced in the beginning of the
trial to allow participants to get a first initial perception of the products before showcasing
recommendations (Fitzsimons & Lehmann, 2004; Goodman et al., 2013). Likewise, the
recommendations would be withheld during the last 12 seconds of every trial, no matter
the participant’s cognitive load, in order to avoid exposing participants to new information
(in form of recommendations) during their decision finalization stage (Haubl & Trifts,

2000; Shang et al., 2023).

3.4.3.3 Personalization of Recommendations

Recommendations displayed to participants were personalized using the Simple Weighted
Averages calculation of the Multi-Attribute Decision-Making method (Adriyendi, 2015;
Johnson & Payne, 1985; Payne et al., 1993; Sun et al., 2019). Simple in implementation,
this method was successfully utilized to personalize recommendations in other studies
(Aminudin et al., 2018; Engel et al., 2017; Hdioud et al., 2013; Pratiwi et al., 2014;
Santoso et al., 2018) and notably in the aforementioned smartphone selection study
(Okfalisa et al., 2020). In line with the MADM-SAW approach, before beginning the
experiment, participants were asked to rate different laptop criteria (attributes), using a 5-
point Likert scale, based on a subjective level of importance they attribute to each
characteristic (with 1 being “Not important at all” and 5 being “Very important™).
Participants were also instructed of the directionality of each criterion: the price and
weight characteristics were considered more optimal if they had lower values (e.g. a price
of $900 is generally preferred to a price of $1200), whereas screen size, RAM size, SSD
memory, battery life, screen resolution, processor speed were considered best if their

value was higher (e.g. a RAM size of 64 GB was more optimal than a size of 16 GB).
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The importance rating given to each characteristic was then stored in an Excel
spreadsheet, which computed the MADM-SAW calculation and determined the three
personalized products to recommend for each trial of the static and neuro-adaptive
conditions. The calculation thus considered the subjective importance attributed by
participants to each product attribute, and the objective comparative performance of
products in those highly ranked attributes. The product ID’s of the three products to
recommend in each trial were then input into a web application that ran the participant’s
interface (Tadson et al., 2023). This step was done before the beginning of the
experimental trials, to ensure the recommendations, when displayed, were personalized

based on each participant’s individual preferences.

3.4.3.4 Cognitive Load Calibration

Consistent with currently employed methods of calibration of the EEG equipment, two
measures were employed: a baseline task (Fishel et al., 2007; Karran et al., 2022), which
consisted of participants staring at a small black square on a blank grey background for a
duration of 90 seconds, and an N-Back task®. The latter is an acknowledged
neuroscientific test, designed to make participants engage their working memory, which
in turn raises their cognitive workload (Karran et al., 2019; Kirchner, 1958; Wang et al.,
2016). First, the 0-Back and then a 2-Back task were recorded, as they are deemed by the
neuroscientific community to be appropriate indicators of low and high cognitive load
(Biondi et al., 2020; Fridman et al., 2018). The recording was uploaded into a Simulink
model that ran the EEG apparatus to allow for a personalization of individual cognitive

load thresholds for each participant (Tadson et al., 2023).

3.44 Procedure®

After greeting the participant, ensuring they fulfill the inclusion criteria, and receiving
their signed consent to pursue the experiment, they were asked to complete a pre-

experiment questionnaire. It collected basic demographic data (age and gender) and

5 Please see Appendix A for a demonstration of the N-Back task and the cognitive load threshold
classification index.
¢ A holistic view of this experimental procedure is presented in Appendix C.
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measures of product expertise, product involvement, and product attributes preferences
for the MADM-SAW calculation (Adriyendi, 2015; Payne, 1976). As qualified and
trained research assistants then proceeded to install the EEG headset, participants’ product
attribute preferences were entered in the Excel spreadsheet to obtain the ID’s of products
to recommend in each of the static and neuro-adaptive trials. These product ID’s were
then input in the web application than ran the experimentation, which then generated a
unique web link with the task interface for the participant, in which all recommendations

would be personalized for each individual. For details, please refer to Tadson et al. (2023).

The next step involved the calibration of the EEG headset for each participant’s individual
cognitive workload thresholds, which was followed by the experiment itself. Participants
were informed about the goal of the tasks and were shown a demonstration of how to pick
a product on the interface: they needed to select the product by clicking on it and confirm
their selection by clicking a “Submit” button at the bottom of the screen (Tadson et al.,

2023). After the demonstration, participants were given the appropriate task instructions.

For the control condition, where no recommendations were displayed, participants were
simply instructed to select a product that, according to them, best matched their personal
preferences. Prior to the static condition, where recommendations were displayed
perpetually, from the beginning until the end of each trial, they were given the same
instructions, but were also informed that the selection of products would also include
some recommendations. To mitigate the effects of potential reactance, we avoided the
usage of “should”, “ought”, “must”, and “need” in our instructions, and informed
participants that they were fully free to decide whether to follow the recommendations or
not (Rosenberg & Siegel, 2018; Steindl et al., 2015). Before the neuro-adaptive condition,
participants were told that the task would begin with only the assortment of products, but
if the system would determine that they required assistance, recommendations would be
showcased. It was specified that their display was not guaranteed, as they would only
appear if the system deemed it necessary. Such generic formulation was used based on
the findings that acknowledged the benefit of providing users with a rationale behind
recommendations (Tintarev & Masthoff, 2012; Wang & Benbasat, 2007), while avoiding

too complex explanations that could informationally overwhelm the participants (Naiseh
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et al., 2020). As a last point, just as for the static condition, instructions of the neuro-
adaptive conditions reminded participants that they possessed full freedom of either going

along with the recommendations or to ignoring them.

After receiving appropriate instructions, participants were asked to proceed with the first
trial. Upon completing it, they were invited to fill out a post-trial questionnaire, which
assessed their levels of choice overload, choice satisfaction, and choice confidence. The
rest of the trials continued with the same procedure, until all 9 trials (3 trials per each of

the 3 conditions) and all 9 post-trial questionnaires were completed.

Upon finalizing the tasks, participants were required to complete a post-experiment
questionnaire, which assessed their need for cognition and psychological reactance. To
conclude the experiment, they were wholeheartedly thanked for their time and

participation, and were brought to complete the compensation form.

3.4.5 Measures

After every trial, participants were asked to report on their perceived level of choice
overload, choice satisfaction and choice confidence regarding the product selection task
they had just undertaken. We measured this trial-based perceptual quantitative data using
a 7-point Likert scale (1 = “strongly disagree”, and 7 = “strongly agree”), using items
from established and previously validated scales. Being measured 9 times in total (once
after every trial), devised scales attempted to strike a balance between comprehensive
measures of constructs, while avoiding exhaustive questionnaires to evade respondent

fatigue. All scale items were randomized within each measure to prevent rating biases.

Regarding the per-participant measures, as suggested by Maheswarappa et al. (2017), the
mere exposure to a certain product category in a decision-making context could influence
the individual’s measures of product involvement and expertise. In line with the guidance
of these authors, we administered these two assessments at the beginning of the

experiment. The other constructs were not found to be influenced by such exposure and
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therefore adhered to canon research practice by being assessed at the end of the study. For

a recapitulative list of constructs and measures, please see Table 5.

3.4.5.1 Perceived Choice Satisfaction

Perceived choice satisfaction aimed to assess how content participants were with the
product they selected, rather than their overall satisfaction with the e-shopping experience.
The scale thus comprised three items adapted from Aksoy et al. (2006, 2011) and Jacoby
et al. (1974), granularly observed as choice satisfaction, fit with preferences, and choice
liking. The items have been correlated for internal validity using Cronbach’s alpha

analysis with a reliable result of a = 0.8904.

3.4.5.2 Perceived Choice Confidence

The extent to which participants were confident about their choice of product was
measured with a scale of perceived choice confidence. The items for this scale were
selected and adapted from previously acknowledged measures of this construct (Aksoy et
al., 2006; Aksoy et al., 2011; Jacoby, Speller, & Berning, 1974). When tested for validity,
all three items reported a Cronbach’s alpha of a = 0.7143%.

3.4.5.3 Decision Quality - Selected Product Rank

The rank of products selected by participants served as a means to operationalize decision
quality. For every trial, the ID of the chosen product was recorded automatically by the
system, as participants completed their product selection on the interface. Upon extraction
of the data, a ranking process was applied to each product selected by every participant.
As each trial presented 24 products, the selected product was ranked from 1 to 24 (with 1
being most and 24 being least optimal), based on the same Simple Weighted Averages
formula of the Multi-Attribute Decision Making method (Adriyendi, 2015; Payne, 1976)

that served to provide users with personalized product recommendations. The method thus

7 For an overview of scale items, please consult Appendix E.

8 While considered acceptable, but not ideal, we further refined the scale by eliminating one of the items,
resulting in an increased reliability with a more optimal a = 0.9031. Notably, although enhancing reliability,
this adjustment yielded no impact on the final results and inferential statistical analyses. The decision was
therefore made to retain the originally designed questionnaire, ensuring consistency with the research’s
initial framework.
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considered the objective performance of products based on criteria that each individual
subjectively identified as most important to them. To the 5 instances (out of 495
observations), where participants did not have enough time to select a product within the

allocated time of 2 minutes, we attributed the lowest possible product rank of 24.

3.4.5.4 Decision Time - Response Time per Trial

To capture the time participants took to complete their product selection decision, the
system was conceived to record a start and end timestamp (in milliseconds) for every trial.
We used the difference between the two timestamps to determine the response time per
trial (also measured in milliseconds), which served as the operationalization of the

decision time construct.

3.4.5.5 Perceived Choice Overload

To assess perceived choice overload, we employed a thoughtfully amalgamated scale
comprising four items, constructed from previously validated and reliable scales. Two of
these items were adapted from the overload scale used by Diehl and Poynor (2010), which
span affective (Iyengar & Lepper, 2000) and cognitive overload (Huffman & Kahn, 1998;
Jacoby, Speller, & Kohn, 1974). To further enrich this scale, we incorporated two
additional items adapted from the assessment of perceived choice difficulty introduced by
Iyengar & Lepper (2000). Perceived choice difficulty has been widely acknowledged as
an effective proxy to evaluate choice overload (Nagar & Gandotra, 2016; Stanton & Cook,
2019). All items were rated on a 7-point Likert scale, ranging from 1 (“strongly disagree™)

to 7 (“strongly agree”) and demonstrated a high level of reliability (o = 0.8942).

3.4.5.6 Compliance with Recommendations

In an aim to concentrate on the behavioural, rather than intentional dimension of
compliance with recommendations, this variable evaluated whether the product selected
by the participant in each trial matched one of the three products recommended by the
system. Following a similar approach used by Senecal and Nantel (2004), it was measured
during the post-hoc analysis, where each participant’s trial of the static and neuro-adaptive

condition (the two conditions that included recommendations) was attributed a Boolean
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indicator of 1 (participant complied with recommendations) or 0 (participant did not

comply with recommendations).

3.4.5.7 Consumer Product Involvement

Consumer product involvement is a measure that helps predict the subjective value an
individual attributes to a specific product category (Mcquarrie & Munson, 1992). we
assessed the cognitive dimensions of importance, relevance and essentialness
(Zaichkowsky, 2012), traditionally used since Mcquarrie and Munson (1992), through a
5-point Likert-like scale. Based on the work of these authors and Richins 1991, the scale
was aggregated using a median-split, categorizing participants into low and high
involvement groups (Bei & Widdows, 1999; Hu & Krishen, 2019; Kwon & Chung, 2010;
Richins & Bloch, 1991). The reliability assessment of the scale’s items resulted in an

acceptable a = 0.7492.

3.4.5.8 Product Expertise

To gauge the level of product expertise among our participants, we employed the
eponymous 4-item scale adapted from the work of Goodman et al. (2013) and Mitchell
and Dacin (1996), bringing it to 7-point Likert scale and adjusting the product to
specifically assess participants’ knowledge of laptops. The assessment considers self-
assessed, rather than actual product knowledge, as prior research has shown that this
subjective knowledge poses a greater impact on the decision-making process, compared
to objective knowledge (Alba & Hutchinson, 2000; Moorman et al., 2004; Park & Lessig,
1981). Following the aggregation approach used by Aertsens et al. (2011) and de Bont
and Schoormans (1995), the scale’s collected values were added for each participant to
create a continuous product expertise score. The Cronbach’s alpha for this scale yielded

a = 0.8689, suggesting a strong internal reliability of scale items.

3.4.5.9 Psychological Reactance

Psychological reactance, or the inclination of certain individuals to experience a perceived
threat of freedom, was measured through the Hong Psychological Reactance Scale —
HPRS (Hong & Page, 1989). Conversely to its qualitatively assessed precursors which

raise reliability concerns (Kim et al., 2020), the 14-item HPRS comprises a 4-factor
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structure, labeled as Freedom of Choice, Conformity Reactance, Behavioural Freedom,
and Reactance to Advice and Recommendations (Hong & Page, 1989). Despite the latter
factor seeming most relevant to our research framework, we nonetheless opted for the
comprehensive 14-item scale, as recent research has proposed treating the HPRS as a
unidimensional scale (L. Shen & J. Dillard, 2005). These authors have also concluded that
the scale possesses both face and content validity, which could explain its preferred usage
when measuring psychological reactance scores. The score was aggregated by summing

the values obtained in each scale item (Buboltz Jr et al., 2003; Woller et al., 2007).

Similar to the need for cognition, the scale’s higher number of items prompted us to
conduct a more comprehensive assessment of its internal reliability. As such, the
calculation of Cronbach’s alpha has yielded a a = 0.839 and the Spearman-Brown
coefficient revealed a value of 0.747. Both coefficients collectively support the reliability
of the scale’s consistency. Additionally, we validated the scale through a factor analysis,
based on a principal component analysis. The results yielded strong factor loadings,

thereby supporting the construct validity of the measure.

3.4.5.10 Need for Cognition

Participants’ need for cognition, i.e., their tendency to seek out and find enjoyment in
cognitively effortful tasks, was assessed through the 18-item need for cognition scale
proposed by the original authors of the construct (Cacioppo et al., 1984). This version was
optimized for ease of administration, reduced respondent fatigue and enhanced internal
validity compared to their initially proposed 34-item scale (Cacioppo & Petty, 1982). On
the other hand, given its greater construct coverage and more extensive validation
evidence (Cacioppo et al., 1984), the comprehensive 18-item scale was used, instead of
the abbreviated 6-item versions proposed by Manfredo and Bright (1991) and Lins de
Holanda Coelho et al. (2020). For increased scale sensitivity, as well as consistency across
other scales administered during the post-trial and post-experiment questionnaires, the
measure was expanded from its original 5-point Likert format to a 7-point scale (1 =
“extremely uncharacteristic of me”, and 7 = “extremely characteristic of me”). To

aggregate the measure for analysis, we applied a median-split to classify participants as
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low and high need for cognition to enable our analyses (Kim & Kramer, 2006; Kuvaas &

Kaufmann, 2004).

Considering the scale’s larger item count, we supplemented our Cronbach’s alpha
computation of a = 0.856 with the Spearman-Brown coefficient, which was determined
to be 0.781, signifying a sufficiently strong level of internal reliability of the scale. We
also examined the latent structure of the variable through a factor analysis, focusing on
principal component analysis. The extracted factors revealed strong loadings, providing

additional support for the reliability of the scale.

Table 5. Summary of assessed constructs and corresponding measures

Construct Measure Description Sources

Dependent Variables (Decisional Outcomes)

Choice Composite choice satisfaction scale based | Aksoy et al. (2006,
Satisfacti 7-point Likert scale | on 3 items: choice satisfaction, fit with 2011); Jacoby et al.
atistaction preferences, choice liking. (1974)
Choice Aksoy et al. (2006,
Confid 7-point Likert scale | Choice confidence scale. 2011); Jacoby, Speller,
onlidence & Berning (1974)
(Xiao & Benbasat,
. L L 2007)Adriyendi,
Decision Quality MADM-SAW Extt'ent 1to which a decision is objectively (2015); Payne (1976)
optimal.
P Recorded by the
system automatically.
Difference between
Decision Time trial end and start Response time per trial (in milliseconds). Recorded by the. It
timestamps system automatically.
Mediating Variable
Diehl and Poynor
Composite choice overload scale based (2010); Iyengar &
on 4 items: affective informational Lepper (2000);
Choice Overload 7-point Likert scale | overload, cognitive informational Huffiman & Kahn
overload, and two items of perceived (1998); Jacoby,
choice difficulty. Speller, & Kohn
(1974)
Moderating Variables
Compliance with Boolean indicator: Whether the product selected by Recorded by the

0 =no compliance | participants was among the three

. t t tically.
1 = compliance recommended by the system. system automaticatily

Recommendations
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e Value attributed by the participant to

Consumer the laptop product category. i :
Product 5-point Likert-like p P p' ) gory ﬁuchkowskylg 012);
roduc scale e Cognitive dimensions of consumer cquarrie & Munson
Involvement product involvement scale: relevance, (1992)
importance, and essentialness.
o Level of subjective knowledge about Goodman et al. (2013);
Product Expertise | 7-point Likert scale the laptop product category. Mitchell & Dacin

e Product expertise scale. (1996)

o Participant’s tendency towards
experiencing a perceived threat of

Psychological o
Reactance 7-point Likert scale freedom. Hong & Page (1989)
e 14-item Hong Psychological
Reactance Scale (HPRS).
Need for . Pa.rticipant"s' tendency to s'eek out and
Cognition 7-point Likert scale enjoy cognitively demanding tasks. Cacioppo et al. (1984)

o 18-item need for cognition scale.

3.4.6 Apparatus

The interfaces of the system ran on a Google Chrome web browser and received real-time
cognitive load classification once every 6 seconds through a WebSocket client. The latter
received the real-time cognitive load classification from a Python-based Lab Streaming
Layer (LSL), which was the output of a Simulink model designed in MATLAB (version
R2021b, IBM) (Tadson et al., 2023). Neurophysiological activity that fueled this
cognitive load classification index was sampled at a rate of 250 Hz and underwent
standard Butterworth low-pass, high-pass, and notch filtering. The data was recorded
using a 32-channel wireless electroencephalographic hardware (EEG) with gel-based
active electrodes, installed according to the standard montage by g.tec Research’. The
MADM-SAW calculations for each participant were done through Microsoft Excel (64-
bit, 2022 software version). All questionnaires were administered through Qualtrics. For

a detailed explanation of how the artifact functions, please refer to Tadson et al. (2023).

% For an illustration of the montage, please refer to Appendix C.
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3.4.7 Analysis

We initiated our analysis with IBM SPSS Statistics software, Version 27, in which we
prepared the data, focusing on assessing the reliability of the dependent, mediating, and
moderating variables'’. In addition, we examined underlying assumptions of normality,

homoscedasticity, and equality of means.

Following visual inspection, a skewness and a kurtosis analysis, only the construct of
decision quality (operationalized as the rank of the selected product) indicated a violation
of the normality of distribution assumption. Given the Pearson’s skewness coefficient
indicating substantial positive skewness and a kurtosis analysis exposing a Leptokurtic
distribution (with a prominent peak and “fat” tails), the distribution was normalized using
a logarithmic transformation: Ln (y + 1). This transformed variable was used in all our

analyses and data visualizations.

Subsequent analyses, namely multifactor ANOVAs for non-independent observations
(H1-H4 and H7-H11) were conducted with SAS software, Version 9.4, given its
advanced analytical techniques suitable for the multilevel relationships and within-subject
repeated measures present within our data set. A mixed effect model was used for the
ANOV As to account for random individual differences among participants, as well a fixed
effect of trial order that was observed (p < 0.0001 to p = 0.0441) and included as a
covariate in our analyses. All presented results already account for these covariates.
Moreover, a compound symmetry model was used, based on the lower AIC (Akaike
Information Criteria) values it resulted in, thus indicating a better fit for our analysis.
When applicable, all reported results were adjusted using the Sidak method to account for

multiple comparisons and to reduce the likelihood of Type I errors.

Lastly, a linear regression with random intercept was used for the mediation analysis (HS
and H6) and was conducted in R programming (Version 4.3.2), using the “mediation”
package (Imai et al., 2010). This package allowed for a mixed-effects mediation model,
suitable for our repeated measures design. The estimation of confidence intervals was

based on the recommended 5,000 simulations to ensure robustness. It was carried out

10 For additional information regarding the reliability analysis, please consult Appendix D.
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using the Quasi-Bayesian estimation available within the package, grounded in the
assumption of normality in our data distribution, supported by our appropriately large
sample size (n = 55, which resulted in 495 observations) and the normal (or normalized)

distribution exhibited by both the mediator and dependent variables, as mentioned above.

In an aim to balance accuracy and simplicity of our models, we refrained from including
gender and age variables in our analyses. The aforementioned multi-factor ANOVAs
demonstrated that these covariates had no significant influence on decisional outcomes,
nor on the mediating variable of choice overload. The decision to exclude the variables

also aligns with the parsimony principle, encouraging the use of simpler models.

3.5 Results

3.5.1 Assessing the Direct Effects of Recommendations Display Conditions on
Decisional Outcomes (H1-H4)

The findings regarding the direct effects of recommendations on decisional outcomes are
based on multifactor ANOVAs for non-independent observations and use one-tailed tests
with a significance level of 0.05. When pertinent, the results have been supplemented by
figures. The conclusions regarding each hypothesis are summarized towards the end of

this subsection, in Table 6.

3.5.1.1 Choice Satisfaction Partially Impacted by Recommendations Display
Conditions (HI)

In Hl1a and H1b, we hypothesized that both forms of recommendations would increase
choice satisfaction. Specifically, Hla, which foresaw higher satisfaction in the static than
in the control condition, is confirmed (¢ = -2.05, p = 0.0205). H1b, which predicted higher
satisfaction scores in the neuro-adaptive compared to the control condition, was
significant only at the less conservative significance level of 0.10 (¢ =-1.41, p = 0.0801).
The assumption Hlc, suggesting greater satisfaction in the neuro-adaptive than in the

static condition, was insignificant (¢ = 0.64, p = 0.2607) and hence not supported.
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3.5.1.2 Choice Confidence Improves with Recommendations, Occasionally More So
when They Are Neuro-Adaptive (H2)

As expected in H2a and H2b, where we posited that choice confidence would increase in
the presence of recommendations, both forms of this decisional aid outperformed the
control condition (static: ¢t =-3.22, p = 0.0007; neuro-adaptive: ¢t = -4.57, p <0.0001). For
H2c¢, we anticipated higher choice confidence levels for the neuro-adaptive than static
recommendations. Though no general significant difference was observed between the
two conditions (¢ = -1.34, p = 0.0898), unless employing a more marginal significance
level of 0.10, the directionality of means followed our predictions. Moreover, when
comparing Trial 2 in each of the two conditions, participants rated their choice confidence
levels as higher in the neuro-adaptive condition than in the static condition (z =-2.29, p =

0.0113), as portrayed in Figure 8. We therefore consider H2c to be partially supported.

Choice Confidence per Condition and per Trial

**
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.

Choice Confidence
(7-Point Likert Scale)

* significance level 0.10

A significance level 0.03
*##% = sipnificance level < 0.001
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Trial: |1 ]

%)
|

Control Static Neuro-Adaptive
Condition

Figure 8. Choice Confidence per Condition and per Trial

3.5.1.3 Recommendations Optimize Decision Quality, Occasionally More So when
They Are Neuro-Adaptive (H3)

Our H3a and H3b stipulated that decision quality would be optimized in conditions with
static and neuro-adaptive recommendations respectively. In line with these predictions,

participants selected significantly more optimal products when recommendations were
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displayed statically (z = 5.66, p < 0.0001) or neuro-adaptively (t = 6.29, p < 0.0001),
compared to when recommendations were not presented, thereby supporting both H3a
and H3b. Yet, our H4c, predicting better decision quality with neuro-adaptive compared
to static recommendations, is not confirmed by the data (¢ = 0.64, p = 0.2622).
Interestingly though, this conclusion entails some nuance: on a more granular level, a
statistically significant difference was noted between Trial 1 of the static versus Trial 1 of
the neuro-adaptive condition (¢ = 1.94, p = 0.0268), with an improved decision quality in

the latter, as illustrated in Figure 9.
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Figure 9. Decision Quality per Condition and per Trial

3.5.1.4 Decision Time Is Not Impacted by Recommendations Display Conditions (H4)

In H4a, we suggested that decision time would be lower in the static compared to the
control condition. Results, however, did not show statistically significant differences in
decision times (¢ = 0.22, p = 0.4249), thus failing to support the hypothesis. Akin
conclusions are formed for H4b, where neuro-adaptive recommendations did not reduce
decision times in relation to the control condition (¢ = -0.45, p = 0.3256), and for H4c,
where decision times were not inferior in the neuro-adaptive condition, compared to the

static condition (¢ =-0.24, p = 0.4063).
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Table 6. Summary and results of hypotheses H1-H4

H Hypothesis!! Result Note

Direct Effects of Recommendations Display Conditions on Decision-Making
Outcomes in a Context of Choice Overload

Choice Satisfaction
Choice satisfaction is higher in static vs control
Hla .. & Supported
condition
Choice satisfaction is higher in neuro-adaptive Marginall
H1 | HIb Jon 1B e P ey
vs control condition supported
Choice satisfaction is higher in neuro-adaptive
Hlic . . & P Not supported
vs static condition
Choice Confidence
Choice confidence is higher in static vs control
H2a .. & Supported
condition
Choice confidence is higher in neuro-adaptive
. S t
H2 H2b vs control condition upported
Choice confidence is higher in neuro-adaptive Marginally Also, fully sup por'ted for
H2c . . one of the three trials
vs static condition supported .
(Trial 2).
Decision Quality
H3a Decis'i.on quality is higher in static vs control Supported
condition
Decision quality is higher in neuro-adaptive vs
. S rt
H3 H3b control condition upported
Decision quality is higher in neuro-adaptive vs Also, fully sup por.ted for
H3c static condition Not supported | one of the three trials
(Trial 1).
Decision Time
Decision time is lower in static vs control
H4a . W v Not supported
condition
Decision time is lower in neuro-adaptive vs
H4 H4b . Not supported
control condition
Decision time is lower in neuro-adaptive vs
H4c . " W Y prve v Not supported
static condition

" All our hypotheses are built on the assumption of association between the variables. The formulation
“increase/decrease” is used for sake of simplicity, and not to allude to a causal relationship.
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3.5.2 Evaluating the Mediating Role of Choice Overload on Decision-Making
Outcomes (H5-H6)

The following results pertain to the mediating role of choice overload in the relationship
between recommendations display conditions and decisional outcomes, and therefore
employ a linear regression model with a random intercept in the assessments. All

conclusions use a 0.05 significance level and are built on one-tailed tests.

3.5.2.1 Recommendations Increase Choice Overload (H5)

In H5a and H5b, we anticipated that choice overload would be alleviated with static and
neuro-adaptive recommendations respectively, compared to the control condition. Yet,
our results suggest that participants reported feeling more choice overload in both cases
with recommendations (static: £ =-4.29, p <0.0001; neuro-adaptive: t =-3.84, p <0.0001),
thereby not supporting H5a and H5b respectively. Likewise, H5c, which assumed lower
choice overload in the neuro-adaptive recommendations versus the static ones, is not
validated either, as no statistical difference was observed between the two conditions (¢ =

0.45, p = 0.3272).

3.5.2.2 Experiencing Higher Choice Overload Increases Choice Satisfaction (H6a)

Through Hé6a, we assumed a mediating role of choice overload between recommendations
display conditions and choice satisfaction, where higher levels of choice overload would
reduce choice satisfaction. The results confirmed a significant indirect effect when
comparing the control and static (b = 0.2101, ¢# = -4.143) and control and neuro-adaptive
(b=0.1873, t =-3.746), but not the static and neuro-adaptive conditions (b =-0.0218, ¢ =
-0.429). As no significant direct effect was observed between any combination of
conditions on choice satisfaction when accounting for the presence of the mediator
(control vs static: b = -0.0410, ¢ = -0.635; control vs neuro-adaptive: b = -0.0717, t =
-1.115; static vs neuro-adaptive: b = -0.0308, ¢ = -0.482), we may conclude that when
mediation occurs, it is full. Interestingly though, the results oppose our prediction,
revealing that higher choice overload, on the opposite, increases choice satisfaction,

thereby not supporting H6a. The mediation analysis is summarized in Table 7.

102



Table 7. Summary of Mediation Analysis:
Recommendations Display Conditions — Choice Overload — Choice Satisfaction

Confidence
R | T oo sats| €O
Bound | Bound
Contve | 010 ] 0040 aanon | oan | o312 | s | S e
Neuroadapive | (7-0150) | (o~ 0ossy | 01573 | 0256 0090 37460 | “EEREEECE R
IS\’It::liri)deaptive (p-0=.(())§53010) (p-0=(())360288) -0.0218 | -0.1191 0.082 1 0.4290 HI;IZ iesizl;i(;)rr:,ed

3.5.2.3 Choice Overload Boosts Choice Confidence and Highlights the Advantage of
Neuro-Adaptive Recommendations (H6b)

Based on H6b, we suggested that the impact of recommendations display conditions on
choice confidence would be mediated by choice overload, where elevated levels of the
latter would diminish perceptions of choice confidence. The data unveils that this indirect
effect is significant when comparing the control with both the static (b = 0.2296, t =
-4.155) and neuro-adaptive (b = 0.2070, ¢ = -3.774) conditions, but not between the static
and neuro-adaptive conditions (b = -0.0246, ¢ = 0.462). Remarkably though, in the
presence of choice overload, the direct comparison of the control and neuro-adaptive (b =
0.1915, t=2.783, p = 0.006) and the static and neuro-adaptive (b =0.1412, t=2.081, p =
0.038) conditions was revealed to be significant, where neuro-adaptive recommendations
resulted in higher scores of choice confidence. These results indicate that the mediation
is full between the control and static conditions, but is only partial between the control
and neuro-adaptive conditions. On the other hand, akin to choice satisfaction, despite
these mediating relationships being significant, higher perceptions of choice overload
contributed to increasing choice confidence, rather than impeding it, which contradicted
our assumption, resulting an unsupported H6b. Table 8 provides an overview of the

mediation analysis.
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Table 8. Summary of Mediation Analysis:
Recommendations Display Conditions — Choice Overload — Choice Confidence

Confidence
o ] Intervals
. . Total Direct Indirect t- .
Relationship Effect Effect Effect | [ ower Upper statistics Conclusion
Bound | Bound
Control vs 0.2798 0.0503 Complete mediation,
0.2296 | 0.12 0.344 | -4.155
Static (»=10.001) | (p=0.467) ? 3 3 533 H6b unsupported
Complementary
;‘;EZOLZ:‘ iive | (p 2'390805 o) (po:.109 (l)f) 6| 02070 | -0315 | -0.100 | 37741 | partial mediation,
P ' ' H6b unsupported
No mediation, but
Static vs 0.1172 0.1412 significant
. -0.0246 | -0.129 | 0.081 | 0.4616 .
Neuro-adaptive | (p =0.173) | (p = 0.038) direct effect,
H6b unsupported

3.5.2.4 Choice Overload Perceptions Have no Effect on Decision Quality (Hé6c)

In our H6c, we expected decision quality to be impacted by recommendations display
conditions through the choice overload mediator, where higher levels of this construct
would impede on the objective quality of users’ decisions. The findings oppose these
expectations, as no indirect effect was present between the control and static (b =-0.0125,
t = 1.164), control and neuro-adaptive (b = -0.0111, # = 1.271), and static and neuro-
adaptive (b = 0.0013, ¢ = -0.319) conditions. Results do point to a direct effect, when
accounting for the presence of choice overload, where static (b =-0.3267, t =-5.407, p <
0.0001) and neuro-adaptive (b = -0.3661, ¢t = -6.039, p < 0.0001) recommendations
resulted in optimized decision quality, when compared with the control condition. The
mediation hypothesis (H6c), though, is therefore not supported, as demonstrated in the

summary Table 9 below.
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Table 9. Summary of Mediation Analysis:
Recommendations Display Conditions — Choice Overload — Decision Quality

Confidence
Relationshi Total Direct Indirect ntervals r Conclusion
. Effect Effect Effect | [ ower | Upper | Statistics

Bound | Bound

No mediation, but

Control vs -0.3420 -0.3267 significant

Static (p <0.0001) | (p <0.0001) “0.0125 1-0.0321 0.011 1 1.1639 direct effect,
Héc unsupported
No mediation, but

Control vs -0.3773 -0.3661 significant

Neuro-adaptive | (p <0.0001) | (p <0.0001) -0.0111 1-0.0041 0.031 1 1.2710 direct effect,
Héc unsupported

Static vs -0.0344 -0.0395 No mediation,

0.001 -0.006 .014 | -0.31
Neuro-adaptive | (»p=0.519) | (»p=0.510) 0013 -0 0 0.3188 Hé6c unsupported

3.5.2.5 Experiencing Higher Choice Overload Increases Decision-Making Times
(H6d)

According to Hé6d, we supposed that choice overload would mediate the relationship
between recommendations display conditions and decision time by increasing them when
perceptions of choice overload would be higher. The results indeed uncover a significant
indirect effect between decision time and the control versus both the static (b =-4566.78,
t =1.900) and the neuro-adaptive (b =-4009.03, ¢ = 3.446) conditions. The indirect effect
was, however, insignificant between the static and neuro-adaptive recommendations (b =
481.84, t = -1.002). Given the absence of a direct effect between any comparison of
conditions, we may conclude that the observed mediations are complete. Moreover, the
directionality of results follows our prediction, where higher choice overload resulted in
higher decision time. As such, the findings validate our H6d for comparisons of control
and static, and control and neuro-adaptive conditions. An overview of the mediation

analysis is presented in Table 10.
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Table 10. Summary of Mediation Analysis:
Recommendations Display Conditions — Choice Overload — Decision Time

Confidence
Rty || T oo sats| Concson
Bound | Bound
Suic | geosy | -0asty | 455578 so0n.o/22603| L9004 | SOHEIEIE O
Neuroadaptive| = 0328 | 0~ 01520 | 9% ss1050]1950.03] 24% | Hrgasupported
Neuro-adaptive| - 0859 | - 019 | 18 |1g0g.] 27574 10019 |t e
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Table 11. Summary and results of hypotheses H5-H6

H

Hypothesis!'?

Result

Note

The Mediating Role of Choice Overload between Recommendations and
Decision-Making Outcomes

Recommendations Display Conditions — Choice Overload (CO)

Choice overload is lower in static

CO increases with static

decision time by increasing it.

. Not supported .
Hsa vs control condition pp recommendations.
Choice overload is lower in neuro- CO increases with neuro-adaptive
HS | H5b . .. Not supported . P
adaptive vs control condition recommendations.
Choice overload is lower in neuro-
Hjc . . o Not supported
adaptive vs static condition
Choice Overload (CO) — Decisional Outcomes
o Complete mediation for static vs
control condition.
Choice overload mediates choice ..
Hé6a . . .. Not supported o Complete mediation for neuro-
satisfaction by decreasing it. . ..
adaptive vs control condition.
e But CO increases choice satisfaction.
o Complete mediation for static vs
control condition.
Choice overload mediates choice . .
Hé6b . Not supported | e Partial, complementary mediation for
confidence by decreasing it. . o
neuro-adaptive vs control condition.
Ho6 . .
e But CO increases choice confidence.
Choice overload mediates . .
Hé6c .. . .. Not supported ¢ No mediation, only direct effects.
decision quality by decreasing it.
o Complete mediation for static vs
control condition.
Choice overload mediates o Complete mediation for neuro-
Héd Supported P

adaptive vs control condition.

¢ Not supported for static vs neuro-
adaptive condition.

12 All our hypotheses are built on the assumption of association between the variables. The formulation
“increase/decrease” is used for sake of simplicity, and not to allude to a causal relationship.
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3.5.3 Exploring the Effect of Moderators on Choice Overload and Decisional
Outcomes (H7-H11)

In our assessment of the impact moderating variables on choice overload and decisional
outcomes, we employed once more the multifactor ANOVAs for non-independent
observations. Unless specified otherwise, we also maintained one-tailed tests and a
significance level of 0.05. We concluded this subsection with a recapitulative Table 12,
summarizing all evaluated hypotheses, as well as graphical representations of obtained

results, when relevant, for easier visualization.

3.5.3.1 Moderation of Compliance with Recommendations (H7)
Increasing Choice Overload (H7a)

Through H7a, we predicted that participants that comply with recommendations would
qualify their choice overload as lower. While significant, our findings do not support this
assumption, as they reveal that when participants complied with recommendations, they
rated their choice overload as significantly higher, compared to when they did not adhere

to recommendations (F (270) = 8.39, p = 0.0021), as represented in Figure 10.

Increasing Choice Satisfaction (H7b)

Within H7b, we anticipated that compliance with recommendations would favour
participants’ ratings of choice satisfaction compared to when they would select products
that are not recommended. The results thus validate this hypothesis (¥ (272) =391, p =
0.0245), as illustrated in Figure 10.

Increasing Choice Confidence (H7c)

In line with our assumption from H7c, participants that complied with recommendations
attributed higher choice confidence to their selected product, compared to when they did
not follow the recommendations (F (270) = 4.22, p = 0.0205), as depicted in Figure 10.

The data hence provides evidence in support of H7c.
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Figure 10. Moderation of Compliance with Recommendations on Perceptions of Choice
Overload, Choice Satisfaction, and Choice Confidence

Increasing Decision Quality (H7d)

In H7d, we proposed that compliance with recommendations would be linked to higher
decision quality. Indeed, in instances where participants complied with recommendations,
their decision quality was also significantly optimal, compared to occurrences when they
did not abide by the recommendations (# (270) = 555.31, p <0.0001), as such validating
the hypothesis.

Reducing Decision Time (H7e)

Our H7e projected that when complying with recommendations, participants would
reduce their decision time. This hypothesis is supported by our results, which confirm the
moderating effect of compliance with recommendations on reducing decision times (¥

(270) = 0.57, p = 0.0484).
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3.5.3.2 Moderation of Consumer Product Involvement (H8)

Recommendations Increase Choice Overload Only When Product Involvement is Low,

Slight Advantage of Neuro-Adaptivity for High Involvement (H8a)

We predicted in H8a that high consumer product involvement would contribute to
increasing choice overload perceptions. The results reveal no significant differences
between low and high involvement participants in their response to reported choice
overload (F (487) = 0.00, p = 0.4737), thereby not supporting our hypothesis H8a.
However, a strong interaction effect was revealed (£ (487) = 8.87, p <0.0001): while low
involvement participants reported significantly lower levels of choice overload in the
control condition, compared to the static condition (¢ =-5.07, p < 0.0001) and the neuro-
adaptive condition (¢ = -5.67, p < 0.0001), participants with high involvement
demonstrated no such variances (see Figure 11). A noteworthy difference, albeit at a
marginal significance level of 0.10, was present among high involvement participants,
who reported experiencing lower choice overload in the neuro-adaptive condition than in

the static condition (¢ = 1.41, p = 0.0796).

Interaction Effect of Consumer Product
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Consistent Choice Satisfaction with Recommendations Across High and Low Involvement

Levels (H8b)

Our prediction H8b anticipated that high involvement would foster higher choice
satisfaction. The observed results, however, do not substantiate this hypothesis, as there
is no overall impact of high involvement in increasing choice satisfaction (£ (436)=0.21,
p = 0.3236). There is nonetheless a noteworthy interaction effect (F (436) = 3.56, p =
0.0146), depicted in Figure 12. It revealed that while participants with high product
involvement scores experienced no significant differences in satisfaction scores across
experimental conditions, participants with low involvement experienced significantly
lower choice satisfaction in the control condition, when contrasted with the static

condition (¢ =-2.31, p = 0.0107) or the neuro-adaptive condition (¢ =-2.80, p = 0.0027).
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Choice Confidence Fluctuates Only When Product Involvement Is Low, Being at Its Best

with Neuro-Adaptive Recommendations (H8c)

Our H8c, positing an overall increase in choice confidence among participants with high
product involvement, is unsupported by our data (¥ (434) = 1.06, p = 0.1514). However,
is a degree of nuance is brought to this conclusion by the exception in the control
condition, where high involvement consumers indeed reported higher choice confidence
than those with low involvement (¢ = -2.46, p = 0.0072). Through this particularity, the
data uncovered a strong interaction effect (F' (434) = 8.47, p < 0.0001), as illustrated by
Figure 13. Similar to choice satisfaction, no significant differences were observed when
pairing different conditions among participants with high product involvement levels. In
contrast, participants with low involvement rated their confidence as significantly higher
in the static (¢ =-3.97, p <0.0001) and neuro-adaptive (¢ = -6.18, p < 0.0001), compared
to the control condition. Moreover, they reported even higher scores in the neuro-adaptive

condition, compared to the static condition (¢ =-2.21, p = 0.0137).
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Decision Quality Consistently Optimized by the Presence of Recommendations (H8d)

Our H8d proposed a higher decision quality to be found among high product involvement
individuals. The results show no overall increase in decision quality among participants
with high product involvement scores (F (434) = 0.03, p = 0.4306), thereby not validating
our H8d. Yet, our results reveal a significant interaction effect (/' (434) = 2.42, p =
0.0452). The data suggests that this stems from high-involvement participants selecting
objectively somewhat more optimal products than their low involvement counterparts
within the control condition (significant at the less conservative alpha of 0.10: r =1.57, p
=0.05825), but with no such trend observed within the static (¢ = -0.85, p = 0.1971), nor
the neuro-adaptive conditions (z =-1.06, p = 0.1457), as portrayed in Figure 14.
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No Significant Moderation on Decision Time (H8e)

We envisioned in H8e that decision times would increase among participants with high
product involvement. Though, the data suggests that decision times did not fluctuate with
higher involvement scores, no matter the condition (F (434) = 0.15, p = 0.3538), hence
providing no support for H8e, nor was there any interaction effect observed (F (434) =

0.17, p = 0.4224).
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3.5.3.3 Moderation of Product Expertise (H9)

Lower Expertise Increases Perceived Choice Overload Only with Static

Recommendations (H9a)

Our HYa predicted that higher expertise would contribute to reduced perceptions of choice
overload. Yet, no significant difference was observed in reducing perceived choice
overload among participants with higher product expertise scores (F' (434) = 0.01, p =
0.4561), thus not supporting H9a. On the other hand, despite no general interaction effect
(F (434)=1.84,p =0.0802), an interaction was noted on a finer level between the control
and the static condition (¢ = 1.80, p = 0.0365), as portrayed in Figure 15; participants with
lower product expertise scores reported significantly higher choice overload in the static
condition, compared to the control one, whereas no such tendency was observed among
consumers with higher expertise scores. No significant differences were observed within
any other combination of conditions.
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Lower Expertise Enhances Choice Satisfaction Only with Neuro-Adaptive
Recommendations (H9b)

We speculated in H9b that higher expertise users would perceive higher degrees of choice
satisfaction, but the data provides no support for this assumption. Despite no general effect
of higher product expertise promoting an increase in choice satisfaction (¥ (436) = 2.20,
p = 0.0696) — and, incidentally, the directionality of results opposes what we proposed
HY9b — the data nonetheless unpacks a significant interaction effect (F (436) = 2.57, p =
0.0387). Upon closer examination, this effect showcases significantly higher levels of
choice satisfaction in the neuro-adaptive, compared to the control condition, among users
that rated their product expertise as low (t=2.26, p=0.0123). Yet, as illustrated in Figure
16, higher expertise participants did not demonstrate such differences. Moreover, no other
combination of conditions revealed any significant difference among participants with
high versus low levels of product expertise (control vs static: ¢ = 0.93, p = 0.1772; static

vs neuro-adaptive: ¢ = 1.33, p = 0.0928).
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Neuro-Adaptive Recommendations Stabilize Choice Confidence Across Different Levels

of Product Expertise (H9c)

We suggested in H9c that choice confidence would increase with higher levels of product
expertise. The results behave in alignment with our expectations, increasing
unidirectionally as product expertise increased, allowing us to validate our H9c (F (434)
=2.99, p =0.0424). Upon closer examination though, as it can be seen in Figure 17, this
moderation is mostly present within the control condition (¥ (108) =1.78, p = 0.0386). In
the static condition, it could be interpreted as significant only at a less conservative
significance level of 0.10 (F (108) = 2.30, p = 0.0661), and it is not present at all in the
neuro-adaptive condition (F' (108) = 1.32, p = 0.1268). Despite these differences, no
interaction effect was observed within the data (£ (434) = 0.65, p = 0.2608).
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No Significant Moderation on Decision Quality (H9d)

In H9d, we posited that higher product expertise would improve decision quality. The
data does not provide enough evidence to support this, as levels of product expertise
appear to have no significant moderating effect on decision quality (¥ (434) = 0.89, p =
0.1734) in general, nor in any specific condition. No interaction effect is observed either

(F (434) = 0.63, p = 0.2674).

No Significant Moderation on Decision Time (H9%)

Through H9e, we esteemed that expert participants would exhibit reduced decision times.
Yet, our findings show that product expertise levels did not exert a significant moderating
influence on decision time, failing to support H9e (F' (434) = 0.02, p = 0.4376). These
findings are consistent across all conditions, and with no observed interaction effect either

(F (434) = 0.10, p = 0.4546),

3.5.3.4 Moderation of Psychological Reactance (H10)

Choice Overload Is Highest with Static Recommendations Among Low Reactance

Participants (H10a)

In HI10a, we hypothesized that higher psychological reactance would provide for
heightened choice overload perceptions. The lack of a general increase of choice overload
from higher psychological reactance scores (£ (434) = 0.09, p = 0.3846) fail to validate
our prediction. By contrast, an interaction effect was indeed present (F' (434) =2.39, p =
0.0463), as illustrated in Figure 18. Specifically, participants scoring low on
psychological reactance reported higher choice overload in the static condition, in
comparison with the control condition (¢ = 2.12, p = 0.0173), though no such distinction
existed among high reactance participants. The effect was not observed for high reactance

participants.
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Interaction Effect of Psychological Reactance Score
on Perceived Choice Overload
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Figure 18. Interaction Effect of Psychological Reactance on Choice Overload

No Significant Moderation on Choice Satisfaction (H10b)

Our assumption HI10b envisioned a decrease in choice satisfaction among higher
reactance scores. The data fails to demonstrate any moderating effect of high
psychological reactance scores in decreasing perceived choice satisfaction (£ (53) = 1.95,
p = 0.0845), so we are unable to confirm our HI10b. Likewise, the dataset unveils no

interaction effect between psychological reactance and the experimental conditions (F
(436) =0.53, p = 0.2939).

Higher Reactance Scores Marginally Associated with Higher Choice Confidence (HI0c)

Based on H10c, we assumed that higher psychological reactance scores would entail
reduced choice confidence. The results uncover that such an effect is marginally
significant (/' (434)=2.67, p=0.0516). However, even with a higher level of significance,
our HI0c could not be supported, as the directionality of the results opposes our

predictions: higher reactance scores tend to increase perceptions of choice confidence.
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Upon closer examination, this effect, however, is only present within the control condition

(t = 3.84, p = 0.0264), but not within the static (¢ = 0.89, p = 0.1734), nor the neuro-

adaptive (z = 1.69, p = 0.0983). Moreover, no general interaction effect is present within

the data (£ (434) = 1.42, p = 0.1220), as portrayed in Figure 19.

Interaction Effect of Psychological Reactance Score

on Perceived Choice Confidence

5.0

Choice Confidence
(7-Point Likert Scale)
1
1
1
1
1
1
1
1
\
\

35

*E

FEE

40 50 60 70
Psychological Reactance Score

Condition: Control

Static

Neuro-adaptive

1\
1 II \

significance level 0.10
significance level 0.03
significance level = 0.001

80

Figure 19. Interaction Effect of Psychological Reactance on Choice Confidence

No Significant Moderation on Decision Quality (H10d)

We predicted in H10d that higher reactance levels would contribute to reducing decision

quality. Our results yield no significant moderating effect of higher psychological

reactance scores on decreasing decision quality (£ (434) = 0.01, p = 0.4590), nor any
significant interaction effect (F' (434) = 0.02, p = 0.4917), no matter the condition. Our

H10d is thus not supported.
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Decision Times Increase with Higher Reactance Scores When Recommendations Are

Static (H10e)

The hypothesis H10e assumed that high reactance would result in a rise of decision time.
The findings do not provide enough empirical evidence to validate H10e, based on the
absence of any general effect of the reactance scores (F (434) = 0.89, p = 0.1725) in
increasing decision times. However, the results obtained within the control condition in
isolation suggest that participants with higher reactance scores took significantly less time
to decide on a product (¢ = 3.50, p = 0.0321), which runs counter to our predictions. This
effect was not present within the static (z = 0.65, p = 0.2118), nor the neuro-adaptive (¢ =
1.76, p = 0.0940) conditions. Stemming from these variations, the data also demonstrates
a significant interaction effect (F' (434) = 5.10, p = 0.0033), as shown in Figure 20.
Specifically, participants with high reactance scores took more time to make a decision
during the static condition, compared to the control (¢ =-2.92, p = 0.0019) and the neuro-
adaptive conditions (¢ = -2.58, p = 0.0051). The differences in decision time were not as

pronounced among low reactance participants.
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3.5.3.5 Moderation of Need for Cognition (H11)

Choice Overload Increases with Recommendations Only When Need for Cognition Is Low

(Hlla)

Through H1l1a, we stipulated that a high need for cognition would result in increased
perceptions of choice overload. Although the data does not offer full support for H11a (F
(487) =3.54, p =0.1886), the effect was in fact observed within the control condition (see
Figure 21). Specifically, in the control condition, participants with high need for
cognition judged their choice overload as significantly higher than those with low need
for cognition (¢ = -1.76, p = 0.0394), as such partially validating HI11a. Moreover, a
notable interaction effect (F' (487) = 3.54, p = 0.0149) derived from this stark contrast,
where low need for cognition participants rated their choice overload as significantly
higher in the static condition (¢ =-4.79, p <0.0001) and the neuro-adaptive one (¢ =-4.19,

p <0.0001), in comparison with the control condition.
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Recommendations Enhance Choice Satisfaction Only When Need for Cognition Is Low
(H11b)

In H11b, we implied an overarching increase in choice satisfaction among individuals
with high need for cognition. The data does not reveal such a tendency in general (F (436)
=1.51, p=0.1100), but does support the assumption in the control condition (¢ =-2.51, p
= 0.0062), providing slight support for HI1b. However, the data demonstrates an
interaction effect (F (436) = 4.67, p = 0.0050), where low need for cognition participants
reported being more satisfied with their product choice in the static condition (z = -3.34,
p = 0.0005) and the neuro-adaptive condition (¢ = -2.29, p = 0.0021), when each was
compared to the control condition. No differences in satisfaction scores across conditions

were observed among high need for cognition participants, as represented in Figure 22.
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Neuro-Adaptive Recommendations Are Most Beneficial for Choice Confidence Among
High Need for Cognition Participants (HI1c)

Our H11c implied that individuals high in need for cognition would display higher choice
confidence. The data does not result in a general heightening effect of need for cognition
on choice confidence (F' (434) = 0.36, p = 0.2735), which prevents us from validating
H1lIc. Notably though, if allowing for a less conservative significance level of 0.10, the
estimated effect is indeed present in the control condition (¢ = -2.16, p = 0.0725), which
contributes to uncovering a significant interaction effect (¥ (434) = 3.67, p = 0.0141).
Participants with low need for cognition rated their choice confidence as significantly
lower in the control condition than in conditions that showcased recommendations (static:
t =-4.14, p < 0.0001; neuro-adaptive: ¢t = -4.54, p < 0.0001), which can be viewed in
Figure 23. Interestingly, high need for cognition participants also attributed significantly
higher choice confidence to their selected products in the neuro-adaptive condition,
compared to the control one (¢ = -1.95, p = 0.0209). This effect was not present when

comparing the static and the control (¢ =-0.46, p = 0.4246).
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No Significant Moderation of Decision Quality (HI1d)

We postulated in H11d that high need for cognition would promote greater decision
quality. Yet, our observations do not support this hypothesis, as high need for cognition
did not play any general role in optimizing participants’ decision quality (¥ (434) = 0.01,
p =0.4626) and no interaction effect was present in the data (F (434) =0.21, p = 0.4055).

Decision Times Increase with Lower Need for Cognition Only When Recommendations

Are Absent (Hlle)

With HI11e, we speculated that high need for cognition individuals would exhibit higher
decision times. The results reflect that participants’ decision times did not follow the
anticipated tendency (F (434) = 0.71, p = 0.2000), leaving our H11le unsupported. If
employing a more lenient significance level of 0.10, a noteworthy increase in decision
times is observed in the control condition among participants with low need for cognition
(t=1.62, p = 0.0529). This fueled a significant interaction effect (£ (434) = 2.53, p =
0.0404), demonstrated in Figure 24. This substantial increase in decision times in the
control condition, among participants with low need for cognition, was not observed in
neither the static condition (¢ = -0.43, p = 0.3342), nor the neuro-adaptive contrasts with

their significantly higher decision times of the static condition (¢ = 0.94, p = 0.1735).
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Table 12. Summary and results of hypotheses H7-H11

H Hypothesis'? Result Note

Moderators Affecting Choice Overload (CO) and Decision-Making Outcomes

Compliance with Recommendations (CWR)

H7a | cWR decreases choice overload. Not supported | CWR increases CO (p = 0.0021).
H7b | cWR increases choice satisfaction. Supported
H7 H7c¢ | CWR increases choice confidence. Supported
H7d | cWR increases decision quality. Supported
H7e | CWR decreases decision time. Supported

Consumer Product Involvement (CPI)

H8a | CPI increases choice overload. Not supported | Interaction effect (p <0.0001).
H8b | CPI increases choice satisfaction. Not supported | Interaction effect (p = 0.0146).
H8 H8¢ | CpI increases choice confidence. Not supported | Interaction effect (p <0.0001).
H8d | pI increases decision quality. Not supported | Interaction effect (p = 0.0452).
H8e | Cplincreases decision time. Not supported
Product Expertise (PE)
HY9a | pE decreases choice overload. Not supported ;Irllt(:r:;:t(::lifi:izz:;/?:nzt?osg?;;
HY9b | pE increases choice satisfaction. Not supported | Interaction effect (p = 0.0387).
Mostly within the control (p =
H9 HYc | PE increases choice confidence. Supported 0.0387) and static (p = 0.0661)
conditions.
H9d | pE increases decision quality. Not supported
HY9e | pE decreases decision time. Not supported

13 All our hypotheses are built on the assumption of association between the variables. The formulation
“increase/decrease” is used for sake of simplicity, and not to allude to a causal relationship.
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Psychological Reactance (PR)
H10a | pR increases choice overload. Not supported | Interaction effect (p = 0.0463).
HI10b | pR decreases choice satisfaction. Not supported
H10 | H10c | pR decreases choice confidence. Marginally Mostly within the control condition
supported (p =0.0264).
H10d | pR decreases decision quality. Not supported
H10e | pR increases decision time. Not supported | Interaction effect (p = 0.0033).
Need for Cognition (NFC)
Hlla | NFC increases choice overload. Not supported | Interaction effect (p = 0.0149).
H11b | NFC increases choice satisfaction. Not supported | Interaction effect (p = 0.0050).
e Marginally supported only within
the control condition (p = 0.0725).
H11 | HIlc | NFC increases choice confidence. Not supported
o Also presence of interaction effect
(» =0.0141).
H11d | NEC increases decision quality. Not supported
Hl1le | NEC increases decision time. Not supported | Interaction effect (p = 0.0404).
3.6  Discussion

Our results indicated that choice satisfaction, choice confidence and decision quality
benefit from the display of both forms of recommendations, occasionally demonstrating
superior outcomes for the two latter constructs when the decisional aid is neuro-adaptive.
Contrary to our expectations though, recommendations increased the mediator of
perceived choice overload, but this mediation resulted in mostly positive outcomes:
enhanced choice satisfaction and choice confidence, but increased decision time.
Moreover, the direct effect on choice confidence in the presence of the mediator,

accentuated the benefit of neuro-adaptive recommendations even compared to static ones.

The findings also provided evidence in support of the moderating effect of all five

moderators. First, compliance with recommendations was related to significantly
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increased perceptions of perceived choice overload, but was associated with optimized
decisional outcomes. Second, consumer product involvement moderated most decisional
outcomes, except for decision quality, through interaction. Highly involved participants
demonstrated no differences, while low involvement individuals perceived higher choice
overload, but their decisional outcomes benefited from recommendations, especially
when they were neuro-adaptive. Third, product expertise revealed a predominantly
interactive effect on perceptual outcomes, and no impact on performance measures: expert
participants demonstrated no differences across conditions, but lower knowledge was
associated with higher choice overload, but increased choice satisfaction and confidence
in the presence of neuro-adaptive recommendations. Fourth, the role of psychological
reactance was also interactive and revealed rather undesirable effects in relation to the
static form of recommendations: low reactance individuals reported heightened choice
overload within this condition, whereas high reactance participants took significantly
longer to select a product. Fifth, need for cognition moderated both choice overload and
most decisional outcomes, apart from decision quality, through interaction as well. Both
forms of recommendations increased choice overload and decision times, but also
enhanced choice satisfaction only when need for cognition was low. High need for
cognition participants, though, benefited from increased choice confidence when exposed

to neuro-adaptive recommendations.

3.6.1 Theoretical Contributions
3.6.1.1 Promising Advantages of Neuro-Adaptive Recommendations

A key contribution of our research lay in responding to a call from researchers for more
personalized and interactive e-commerce recommendations, in an aim to provide a more
nuanced solution against choice overload. Through neuro-adaptive technology, we
assessed a novel approach to personalize the display of recommendations based on a real-
time predictor of choice overload, and benchmarked our method to standard, perpetually

showcased recommendations and the absence thereof.

The outcome of this assessment contributes to the body of knowledge by providing

empirical evidence in support of our proposed neuro-adaptive approach. While many of
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our initial hypotheses have not been validated by our data, the outcome of our assessment
nonetheless allowed us to tap into a more nuanced understanding of users’ responses to
different types of recommendations. Specifically, not only did neuro-adaptive decisional
aid yield results that were similar to currently employed recommendations, it occasionally

outperformed them, particularly when taking into account individual user characteristics.

Improving Decisional Outcomes, at Times Surpassing Conventional Recommendations

Firstly, in one of the three experimental trials, neuro-adaptive recommendations
demonstrated the highest levels of choice confidence and decision quality. In the
remaining two trials, these constructs produced comparably optimal outcomes to those

achieved through currently employed, conventional recommendations.

Likewise, through the mediation of perceived choice overload, neuro-adaptive
recommendations enhanced choice satisfaction to the same extent as static ones.
Although, just like the latter, neuro-adaptive recommendations increased decision time,
some researchers such as Tokushige et al. (2017) posit that longer decision times occur
when recommendations are perceived as trustworthy by users. Hence, the authors
advocate that higher decision times should not be systematically considered a drawback,
as it simply implies that participants take more time to evaluate the rationale behind the

recommendations and decide whether to accept it or not.

Mitigating the Some Drawbacks of Traditional Recommendations

Additional promising advantages to neuro-adaptive recommendations were unveiled
through the interaction effects of the moderators. For one, users with low product
expertise and psychological reactance scores did not experience higher choice overload
perceptions with neuro-adaptive recommendations, unlike they did in the case of static
recommendations. This phenomenon could be attributed to neuro-adaptivity inadvertently
adhering to the user experience principle of progressive disclosure (Ding et al., 2020),
characterized by the acknowledged practice of gradually revealing more information to
users, as they progress through a task or interface. It could thus be concluded that,

specifically for these individuals, neuro-adaptive recommendations improved decisional
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outcomes, while mitigating the downside of generic recommendations that increased

perceptions of choice overload.

Moreover, neuro-adaptive recommendations did not significantly increase decision time
among participants with high psychological reactance scores, unlike recommendations
that were displayed statically. A possible reason could be that standard recommendations
trigger a sense of threat of personal freedom of choice among high reactance individuals
(Brehm & Brehm, 1981; Fitzsimons & Lehmann, 2004), which, in turn, may require
longer times from them to re-establish their sense of freedom (L. Shen & J. P. Dillard,
2005), before they can proceed to decision-making. Neuro-adaptive recommendations, in
contrast, might not cause this sense of threat because they appear only when the system
deems necessary. As a result, high reactance participants may perceive their appearance

as more justified, and not imposed upon them systematically.

Providing a Nuanced Solution, Tailored to Individual Differences

Only the neuro-adaptive form of recommendations allowed participants with low product
expertise to experience higher choice confidence and satisfaction, when compared to the
absence of recommendations. These positive differences could stem from the additional
dimension of personalization inherent to neuro-adaptivity. With low expertise come lower
levels of certainty about a decision (Kamal & Burkell, 2011; Urbany et al., 1989).
Therefore, providing recommendations at the optimal moment, rather than constantly,
promotes a feeling of being attentively heard in one’s decisional struggles and receiving

assistance accordingly, leading to elevated choice satisfaction and confidence.

Furthermore, for consumers that possess low product involvement, choice confidence
scores were also most optimal in the case of neuro-adaptive recommendations. This could
be explained by low product involvement among consumers translating into more
carelessness, detachment, and a lack of relatedness to a product category (Slama &
Tashchian, 1985). Therefore, by allowing participants to first build a rapport with the
products without any recommendations — as being exposed to a certain category of goods
may increase product involvement (Maheswarappa et al., 2017; Petty & Cacioppo, 2012),

— they became more involved and thereby confident about their decision.
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Lastly, high need for cognition individuals reported higher degrees of choice satisfaction
with neuro-adaptive assistance. A potential explanation could be that providing these
participants with the chance to autonomously select a product first offers them the
pleasure they experience from cognitively engaging tasks (Cacioppo & Petty, 1982), an
experience they are deprived of when recommendations appear from the beginning.
Moreover, the behaviour of the latter condition assumes that these individuals require
assistance, which may (a) not be the case, and (b) lead them to interpret the task as targeted
at people “who don’t like to think” (Wheeler et al., 2005), which, consequently, tends to
make them feel less compelled to diligently complete the task and reduces their
engagement with it (Petty et al., 2007; Wheeler et al., 2005). Whereas in the neuro-
adaptive condition, if recommendations do appear, it is due to participants, in fact,

experiencing choice overload, recognizing this decisional aid as more justified.

3.6.1.2 Understanding Contradictory Findings in Existing Literature

Our second main contribution provides insightful considerations into the theoretical
discrepancies surrounding the debate on the benefits of recommendations. Specifically,
our results challenge the conventional dichotomic perspective by acknowledging a more

nuanced synthesis of the effects of recommendations, partially supporting both positions.

More precisely, we uncover that conversely to our expectations, recommendations
increase users’ perception of choice overload, instead of alleviating it. However,
recommendations also led to beneficial decisional outcomes in form of improved decision
quality (affected directly), enhanced choice satisfaction (mediated by choice overload),
and improved choice confidence (impacted both directly and through the mediation). Only
decision times resulted in a less advantageous outcome (also mediated by perceived
choice overload), though, as outlined above based on Tokushige et al. (2017), the optimal

directionality of this construct could be debatable.

Being aligned with both sides of the ongoing debate, our findings offer theoretical insights
into explaining the contradictory findings pertaining to recommendations, advocating for

a non-binary view of the merits of this decisional aid.
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3.6.1.3 A Holistic Integration of Multiple Moderators

An additional noteworthy contribution arises from our conceptual framework, which
integrated elements from various theoretical perspectives. Although most of our assessed
moderators have been studied individually in the context of choice overload (with the
exception of psychological reactance which, based on our review of the literature, has
only been evaluated in respect to recommendations), our study provides an improved
understanding of these individual factors through a holistic review of the effects of

recommendations on decision-making in the context of choice overload.

Considering the prevailing significance of all five of our assessed moderators on
decisional outcomes — manifesting as a general moderating effect for compliance with
recommendations and as interaction effects for consumer product involvement, product
expertise, psychological reactance and need for cognition, — our results enrich the
theoretical understanding of these mechanisms under our cohesive framework. We posit
that this could prompt a re-evaluation of current assessment models that may have

overlooked the collective significance these influential factors.

3.6.2  Methodological Contributions

To our knowledge, this research also marks the first instantiation of a neuro-adaptive
system within the realm of e-commerce. While conventional methodologies relied on self-
reported measures of identifying choice overload, captured after the user’s interaction
with the system, we leveraged neuro-adaptive technology to predict a neuro-physiological
response to choice overload, and enable a system adaptation accordingly, while the user’s
interaction with it was still ongoing. By pushing the boundaries of this technology into
the e-commerce landscape, our results underscore the potential and relevance of
integrating neuro-adaptivity to enhance the field’s current testing methods and lay a
foundation for neuro-adaptive applications in future explorations pertaining to consumer
behaviour and decision-making research. Moreover, this investigation may entice the
scientific community to diversify the implementation of neuro-adaptive technology in
other domains and, as such, enable the progress and refinement of methodological

approaches in other fields even beyond those concerned by this study.
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3.6.3  Practical Implications

The predominant implication of our findings allows to affirm the viability and justify the
worthiness for online retailers to tailor the display of recommendations based on users’
experience of choice overload. The promising benefits uncovered through this new
dimension of personalization suggest that such a solution could help them enhance
decisional outcomes for their customers beyond what they could currently achieve with
traditional recommendations. A collective effort between practitioners and researchers
may now investigate how to implement this improved personalization without resorting

to neuro-adaptive technology, as we propose in the future work subsection below.

In the meantime, a practical insight derived from our study suggests that e-merchants may
continue employing personalized recommendations to enhance the overall decision-
making experience for their users. Despite increasing perceptions of choice overload and
certain drawbacks among specific types of users, this form of decisional aid, in general,

tends to improve outcomes of choice satisfaction, choice confidence and decision quality.

However, an interesting consideration is derived from the observed moderation of
compliance with recommendations: adhering to suggested products significantly
amplified the aforementioned benefits, as well as diminished decision time. Online
retailers may therefore leverage this insight to further facilitate decision-making for their
customers by exploring e-commerce strategies that encourage the adoption of
recommendations. This also underscores the relevance for marketing and consumer
behaviour researchers to complement this endeavour by delving deeper into tactics
through which practitioners may improve the acceptance of recommendations, as it is

currently done by Kdhler et al. (2011), Lee and Benbasat (2011), and Shang et al. (2023).

Additionally, the knowledge gained from our research through moderation analyses could
help marketing and user experience practitioners in guiding their design decisions when
dealing with specific customer niches or types of products. Namely, upon conducting
research on the individual characteristics of their target customers, they could predict their
perceptions and behaviours in response to recommendations or an absence thereof. For

instance, antique furniture, special interest and hobby products, as well as video game
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consumers are known to be highly involved (Bloch, 1986; Bloch, 1984; Taylor-West et
al., 2008), so because their experience may not significantly differ depending on whether
the online merchants provide recommendations or not, there may not be any need to invest
time and monetary resources in developing complex recommendations systems.
Conversely, designing any form of recommendations may be beneficial for products on
which consumers typically possess low expertise levels. A few examples are food items
with different “organic” certifications (Stanton & Cook, 2019), initiation or entry-level
technology like 3D printers (Conner et al., 2015), green products sold by non-specialized,
wholesale retailers (Stanton & Cook, 2019), first-time purchasers of homecare items, such
as household cleaners and laundry detergents (Blackwell et al., 2001), and feminine care

products (Fagerstrom & Ghinea, 2010).

3.6.4 Limitations and Future Work
3.6.4.1 Future Iterations of the Artifact and Stimuli Design

Despite having undergone multiple rounds of formative testing and fine-tuning (Tadson
et al., 2023), the EEG-based real-time cognitive load classification index we used to
identify the occurrence of choice overload has its limitations. The algorithm and the
calibration method to determine individual cognitive load thresholds could benefit from
further investigation to assess their efficacy in providing dependable estimates of real-
time cognitive workload. While not applicable to our tasks as they were relatively short
in duration, the performance of the classification over time has not been assessed for
factors like signal drift and user adaptation. Moreover, the complexity of the research
protocol and meticulousness required for equipment installation imply many moving

parts, which could have resulted in inadvertent procedural and human oversights.

Furthermore, the design of our interface intentionally stripped our product matrices of any
superfluous or bias-encouraging items, such as images, brand names, and usability
elements. This, however, does not necessarily replicate a real-world user interface of a
typical e-commerce website. Although, this limitation could be addressed in future
research that could aim to replicate the obtained results on a website that is more

congruent with current industry design practices.
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3.6.4.2 Exploring Alternative Predictors of Choice Overload

As most neuro-adaptive interfaces, we acknowledge that while being innovative, the real-
world usability of this technology outside of the controlled laboratory environment is
difficult. As such, the goal of our research was first and foremost exploratory, as we aimed
to determine whether timing the display of recommendations to when users are
experiencing choice overload is a research avenue worth considering. We therefore did
not yet require a mainstream, widely applicable solution at this stage. However, having
obtained promising results that demonstrated that recommendations that are optimally
timed to measures of choice overload perform just as well and, in certain instances and
categories of users, even better than traditional recommendations, we believe new
research gaps could be filled by exploring less invasive methods of obtaining objective

and reliable cognitive load measures, i.e., indicators of choice overload.

For example, this could be achieved by first combining modalities, such as EEG signals
with other physiological measures, like oculometry, to find parallels in signals to devise
a less-invasive method of identifying cognitive load through pupil dilation (Fehrenbacher
& Djamasbi, 2017; Sirois & Brisson, 2014; Weber et al., 2021). Eventually, the EEG
could be removed, and, in the long run, the cognitive load assessment could be done
through a standard web camera, a device accessible to most users. We believe this
approach could bridge the gap between the promising results obtained through this
research and the practical usability of our proposed method of personalizing the display

of recommendations.

Another potential future research avenue could be to explore proxy techniques of
determining real-time cognitive workload. For instance, some preliminary findings by
Beierle et al. (2020) have investigated indicators of increased cognitive load through
users’ clicking behaviour. Others have identified specific mouse movement patterns and
trajectories (Grimes & Valacich, 2015; Thorpe et al., 2022). The two proposed
explorations are also not mutually exclusive, as pupillometry could be used in
combination with behavioural data, such as mouse movements or clicking, to enhance the

reliability of these methods in assessing choice overload in real-time.

134



3.6.4.3 The Relevance of Cultural and Sociodemographic Differences

Finally, research has shown that the effects of choice overload may not be universal across
cultures and age groups. As such, consumers of individualistic cultures, such as those
from our North American sample group, differ from those of collectivistic cultures, as
they engage higher cognitive and emotional costs when choosing products, given the
premium they place on personal freedom of choice (Herrmann et al., 2007). Moreover,
the experience might also be dissimilar in countries that are more likely to regularly
experience choice deprivation, rather than overload, such as Brazil, Russia, China, Japan,
and India (Reutskaja et al., 2021). Lastly, some authors also posit that the effects of choice
overload largely manifest themselves only among teenagers and adults, while not so much
among children and seniors (Misuraca et al., 2016), who incidentally were not represented

within our sample aged 19 to 50.

3.7 Conclusion

Our research contributes to the state of the art by investigating a novel dimension of
personalizing decisional aids to assist users during an online product selection: we
assessed the effects of presenting product recommendations precisely at the moment when
individuals experience choice overload, which we identified in real-time through an EEG-
based neuro-adaptive system. We contrasted this approach to the two current methods of
evaluating the effects of product recommendations: no recommendations (control) and

recommendations displayed perpetually throughout the decision-making process.

The findings of our investigation reveal that both static and neuro-adaptive
recommendations, rather than alleviating, increase perceptions of choice overload, which
in turn, increases decision times. However, their impact on decisional outcomes has
revealed to be rather beneficial, which may serve to relieve ongoing concerns about the
potential detrimental effects of current recommendations systems. Interestingly though,
while both forms of recommendations enhance choice satisfaction, confidence, and
decision quality, neuro-adaptive recommendations exhibited occasional superiority in

some trials, leading to higher choice confidence and decision quality. Moreover, they
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show an advantage in enhancing choice satisfaction and confidence among users with low
product expertise and involvement. Additionally, they also benefit individuals with high
need for cognition, improving their choice satisfaction, and reduce decision times among
users with high psychological reactance scores. These findings shed light on the potential
of improving decision-making in an online shopping experience by customizing the
display of product recommendations according to individuals’ experience of choice
overload. The study now paves the way to further research that could explore alternative
approaches to identify real-time occurrences of choice overload, beyond the less

accessible and intrusive EEG-based neuro-adaptive system utilized in our study.
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Chapter 4 — Conclusion

4.1 Reminder of Research Context and Objectives

The objective of this article-based thesis was to address the discrepancies in the existing
literature concerning the effectiveness of currently utilized recommendations that aim to
mitigate the impact of choice overload, which grows in prevalence in today’s online
shopping environment. We achieved this by targeting two specific narratives underscored

in the scientific discourse.

First, we endeavoured the development of a neuro-adaptive interface to attend to the need
highlighted by researchers for improved assessment tools to evaluate the effects of

product recommendations in the context of choice overload.

To achieve this initial subgoal, we applied a DSR methodology and proceeded to daily to
weekly iterations of various subcomponents of the solution, which were executed over a
period of 8 months and included 42 formative testing participants. The aspired design
theory components included the following predominant testable propositions (Gregor,

2006):

e The interface simulates an online decision-making context and is susceptible of
inducing choice overload.

e Provided recommendations are personalized, according to users’ individual
preferences.

e When applicable, recommendations are provided based on a real-time

neurophysiological detection of cognitive load, measured through EEG.

Secondly, we applied this newly created artifact in an investigation aimed at assessing the
effects of this novel approach of providing users with product recommendations based on
cognitive load in an online decision-making simulation. This investigation served as
empirical evidence for a more tailored display of recommendations, thereby providing a
solution the limitations of currently employed indiscriminate recommendations and their

limitations, commonly discussed by scholars and practitioners.



The study included 55 participants, aged 19 to 50 (28 female; 27 male), recruited mostly
through HEC’s research panel. The experiment followed a within-subjects study design
and exposed participants to three recommendations display conditions: (a) control (no
recommendations), (b) static (presented perpetually), and (c) neuro-adaptive (presented
only if choice overload is detected). It was conducted in a controlled laboratory setting,
operating in a Faraday cage to purge the EEG measures of all external, confounding
electrical signal. It began by inviting participants to complete a pre-experiment
questionnaire (Appendix E), followed by an EEG N-Back calibration task (Karran et al.,
2019; Kirchner, 1958; Wang et al., 2016), pursued with the experimental tasks, and

concluded with a post-experiment questionnaire (Appendix E).

The experimental trials were designed to simulate an online decision-making process that
had the potential to induce choice overload. Participants were exposed to an assortment
of 24 laptops (Greifeneder et al., 2009; Iyengar & Lepper, 2000) and 8 attributes per
laptop (Greifeneder et al., 2009), and were tasked to select a single product based on their
personal preferences. A total of three trials was presented in each condition, for a total of
nine trials per participant. After each trial, participants were also prompted to complete a

post-trial questionnaire (Appendix E).
Below is a summary of all assessed measures:

e Mediating variable: perceived choice overload.

e Dependent variables: perceptual measures of choice satisfaction and choice
confidence, as well as performance metrics of decision quality and decision time.

e Moderating variables: behavioural measure of compliance with recommendations,
and self-reported metrics of consumer product involvement, product expertise,

psychological reactance and need for cognition.

In the subsequent sections, we present a recapitulation of the research questions that
served as the foundational basis for this thesis, followed by a breakdown of main results

and a discussion of the empirical findings and contributions derived from this research.
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4.2 Reminder of Research Questions and Main Findings

Guided by the twofold research objective of this thesis, the research questions targeted
two main goals: the creation of the artifact and its application in a research study. This

first aim was therefore considered in this opening research question:

RQ1. How can we address the aforementioned call to research' by following a DSR
approach while leveraging cognitive neuroscience to develop a real-time neuro-adaptive

interface for e-commerce evaluation?

The successful development and implementation of the artifact serve as the main results
derived from this research question. The proof-of-concept demonstration of the artifact
operating reliably and as intended based on the sought-out design requirements allowed
us to conclude the formative testing cycles associated with the development and establish

the validity and quality of the system (Gregor & Hevner, 2013).

Following the first article (Chapter 2), the artifact was thus ready for real-world
application in a research investigation. The second article (Chapter 3) proceeded to this
practical application, thereby concluding the summative testing phase outlined in the
methodological framework of Figure 1 (Chapter 1), and validated the remaining
components of utility and efficacy in the appropriate functioning of the artifact in real-

world operations (Gregor & Hevner, 2013).

The results of the remaining research questions were provided by the second article of
this thesis, which allowed us to deliver empirical evidence to support our overarching
idea, where we posited for the advantageous effects of neuro-adaptive recommendations
on decisional outcomes, compared to traditional recommendations or the absence thereof.
Following is a summary of the main findings, addressing each of our subsequent research

questions:

14 This formulation was preserved, based on the original research question from the article. The call for
research being referenced is the need for reliable evaluation tools to assess the effects of recommendations
in instances of choice overload (Aljukhadar et al., 2012; Appiah Kusi et al., 2022; Haubl & Trifts, 2000;
Yan et al., 2016).
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RQ2. To what extent does a neuro-adaptive interface which detects cognitive load and
provides recommendations accordingly impact users’ decision-making in an online

shopping experience?

Our findings suggest that both static and neuro-adaptive recommendations are similarly
and significantly beneficial at enhancing choice confidence and decision quality,
compared to when no recommendations are presented. Occasionally, neuro-adaptive
recommendations exhibited significantly superior results in a few experimental trials.
Choice satisfaction and decision times, however, were not directly influenced by the
manipulation of recommendations display conditions, but rather through a mediation, as

uncovered through the remaining research question below.

RQ3. To what extent consumers' perceptions and individual characteristics influence
their decision-making outcomes when provided with recommendations from a neuro-

adaptive system?

In terms of users’ perceptions, the results indicated that, contrary to what we postulated,
both static and neuro-adaptive recommendations increased perceptions choice overload,
instead of alleviating them. However, most decisional outcomes were positively impacted
by this rise: choice satisfaction increased through full mediation, and choice confidence
heightened with a partial, complementary mediation. Only decision times were negatively
impacted, as they grew significantly in relation to the increase in perceived choice
overload, thereby also fully mediated. Notably though, when accounting for the mediator,
significantly higher levels of choice confidence were unveiled, when recommendations

were neuro-adaptive, compared to when they were static.

On the other hand, through findings regarding individual characteristics, we discover that
all evaluated moderators impacted choice overload and most decisional outcomes to
varying degrees. Other than the moderating effect of compliance with recommendations,
which amplified the positive effects of recommendations for all concerned variables —
apart from increasing choice overload, — the rest of the moderators manifested themselves
prevailingly through interaction effects. Specifically, consumers scoring low on levels of

product involvement, expertise, and need for cognition exhibited significantly
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disfavoured decisional outcomes when no recommendations are presented. However,
these effects were not observed when recommendations were presented (be it statically or
neuro-adaptively), which suggests that recommendations democratized decisional

outcomes across different types of users.

Interestingly, individual characteristics also unveil additional benefits of neuro-adaptive
recommendations. They demonstrate advantageous results in significantly improving
choice satisfaction and confidence for users with low product expertise and involvement.
They also benefit individuals with high need for cognition and high reactance by resulting
in significantly higher choice satisfaction among the former and significantly reduced
decision times among the latter. Furthermore, neuro-adaptive recommendations mitigated
some of the drawbacks of standard recommendations for certain types of individuals. For
instance, users with low product expertise and psychological reactance scores did not
experience higher choice overload perceptions with neuro-adaptive recommendations,
unlike they did in the case of static recommendations. Additionally, as opposed to static
recommendations, neuro-adaptive ones did not increase decision times among users with

higher psychological reactance.

4.3 Theoretical Contributions and Practical Implications

4.3.1 Theoretical Contributions

Congruent with the articles that compose this thesis, the theoretical contributions are
derived from two inferences: the development of the neuro-adaptive artifact, and the

evaluation of neuro-adaptive recommendations.

The BCI system we developed has direct implications for DSR in IS. The proof-of-
concept of our novel application of neuro-adaptive technology in the field of e-commerce
can now be formalized into a prescriptive (type A or lambda) design theory (Gregor &
Hevner, 2013; Kuechler & Vaishnavi, 2008b; Simon, 1996). As per Gregor and Hevner
(2013), a prescriptive theory comprises “how-to” knowledge gained from the instantiation

of a DSR artifact, specifying how future researchers may practically undertake analogous
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developments. In other words, the prescriptive theory derived from our artifact may now
serve as guidance in the choice of requirements, functionalities, and design decisions to

achieve the construction of similar neuro-adaptive systems using the DSR framework.

The investigation we undertook, on the other hand, contributes to the state of the art by
empirically supporting our proposed neuro-adaptive approach to recommendations,
which yielded similar results, and occasionally outperformed canonical, static
recommendations (see Appendix F). We therefore contributed to the sought-out research

gap, devising a more personalized and interactive solution to standard recommendations.

This research also contributes by shedding light on the contradictory conclusions
surrounding the benefits of recommendations (Bollen et al., 2010; Willemsen et al., 2011).
Our findings show that this form of decisional aid does, in fact, result in higher choice
overload and decision time, but nonetheless optimizes other decisional outcomes, namely
choice satisfaction, choice confidence, and decision quality. Partially supporting both
sides of the debate, we therefore advocate for a more nuanced perspective on the effect of

recommendations in the context of choice overload.

Lastly, our conceptual framework integrated various theoretical perspectives, from which
we may now gain a more holistic understanding of individual factors and their effects on
decision-making in a context of choice overload. The significant results obtained from
our moderation analyses may prompt future research to revisit current assessment models

to integrate constructs whose collective significance may have been overlooked.

4.3.2  Practical Implications

The practical contributions of this thesis also span across the artifact development and the

subsequent empirical study.

The instantiation of the neuro-adaptive artifact in the field of e-commerce has important
implications for stakeholders, particularly researchers, as well as industry practitioners in
marketing, IS, user experience, etc. They now have access to a novel, robust system, that

comprises a more effective assessment tool to evaluate the effects of product
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recommendations in an online shopping experience, within controlled experimental

settings. We were, in fact, the first to use this tool in its first research application.

Moreover, the design decisions that guided the development of the system anticipated for
its versatility and customizability to accommodate various e-commerce evaluation needs.
For instance, in the context of our research, we selected a cognitive load classification
index. However, the latter could be replaced within the MATLAB’s real-time processing
block, to assess other cognitive factors, such as fatigue or attention. Similarly, the
interface adaptation logic may be modified through the JSON rules engine, depending on
the researchers’ needs. Lastly, both the interface design and adaptation elements are
entirely customizable through simple web development, using HTML, CSS, and
Javascript. Through variations of the signal, adaptation elements, and interface design,

practicing professionals may apply this artifact in a wide range of empirical studies.

The experimental article provides practical contributions that also serve both scholars and
industry professionals, such as online retailers, marketers, consumer behaviour, and user
experience researchers. Through an empirical quantitative study, we have demonstrated
that displaying recommendations generally results in beneficial outcomes for online
decision-makers. This decisional aid is especially beneficial when participants comply
with the proposed product suggestions, which underlines the relevance for online retailers
to further explore means of enticing users to accept the decisional assistance, in order to

reap higher levels of choice satisfaction, confidence and decision quality.

Secondly, the results derived from our moderating constructs could help guide design
decisions when dealing with specific client niches or types of products. Namely, upon
conducting research on the individual characteristics of their target audience, online
merchants could predict the perceptions and behaviours of their customers in response to
recommendations or an absence thereof. For example, antique furniture, hobby products
and video game consumers are generally highly involved (Bloch, 1986; Bloch, 1984;
Taylor-West et al., 2008), so because they respond similarly to the presence and absence
of recommendations, there may be no need to invest in complex recommendations

systems for this clientele. Conversely, recommendations may be beneficial in instances
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where consumers typically possess low levels of product expertise, such as in the presence
of organic food items (Stanton & Cook, 2019) or household cleaners and laundry

detergents (Blackwell et al., 2001).

Lastly, our experiment shows that adding a dimension of personalization to the display of
product recommendations, basing them on the occurrence of choice overload, is a
promising undertaking, as it provides the most beneficial outcomes for decision-makers
and, therefore, online merchants. The research therefore provides the groundwork to
encourage practitioners and researchers to devise ways of achieving this enhanced
personalization, without relying on neuro-adaptive technology. A few preliminary ideas

and techniques to attain this are proposed in the following section.

4.4 Limitations and Future Work

Despite the neuro-adaptive system operating reliably and fulfilling our evaluation needs,

a few limitations could nonetheless be revisited.

First and foremost, despite numerous iterative cycles, the cognitive load classification
index still allows room for optimization to better suit the context and particularities of our
interface stimuli. Secondly, adaptation conditions are not centralized within the rules
agent of the web application that runs the interface, which necessitates a more
cumbersome approach and a two-step adaptation logic (discussed in the Design and
Development section of the article). Likewise, the identification and input of
recommendations for every individual must currently be performed manually, which
leaves higher potential for transcription errors. An improvement avenue for future
iterations would thus consist of consolidating both of these components within the same

web application for a more seamless integration of all the subcomponents of the solution.

Regarding our empirical study, future work could potentially revisit the stimuli displayed
on the user interface. The design of our interface intentionally purged the stimuli of any
superfluous or bias-encouraging elements, such as images and brand names. Despite

being favourable at the current initial stages of experimentation, such a design is not
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representative of e-commerce website designs currently deployed in the real-world.
Future work could thus attempt to replicate our results on an interface design that is more

congruent with current industry practices.

Lately, research has also raised awareness about cultural and sociodemographic
differences in response to choice overload. Specifically, consumers in individualistic
cultures, such as those representing our North American sample group, place greater value
on their freedom of choice and have therefore shown to exert more cognitive and
emotional effort in choosing products, compared to users from collectivistic cultures
(Herrmann et al., 2007). In the same vein, Reutskaja et al. (2021) posit that certain
individuals are less prone to experience choice overload, as they are more accustomed to
experiencing choice deprivation, as in countries like Brazil, Russia, China, Japan, and
India. Future studies may therefore explore these cultural differences in consumers’

responses to choice overload.

Last, but not least, a commonly discussed limitation of neuro-adaptive technology is its
real-world usability outside of the controlled laboratory environment. Indeed, the goal of
this research was to investigate whether personalizing recommendations based on
cognitive load yielded beneficial results. Having obtained promising empirical evidence
in support of this approach, new research gaps may now be filled by exploring less

invasive methods of obtaining reliable measures of cognitive load in real-time.

For instance, future studies may involve a combination of modalities, such as EEG signals
and other physiological measures like oculometry (Fehrenbacher & Djamasbi, 2017). This
could lead to a less invasive method of identifying cognitive load, and eventually
transition to a cognitive load assessment based on pupil dilation observed through a
webcam. Alternatively, proxy techniques of assessing excessive cognitive load could be
explored, such as on-screen behavioural indicators, like mouse movements and
trajectories (Grimes & Valacich, 2015; Thorpe et al., 2022) or clicking behaviour (Beierle
et al., 2020). Combining both pupillometry and on-screen behaviour approaches may also

enhance their reliability for a more accurate prediction of choice overload.
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Appendices

Appendix A

Demonstration of the baseline and N-Back EEG calibration tasks, and EEG cognitive
load classification index.

Baseline task interface




N-Back task

0-Back:
T1-trial
Target
/\\SUtnals
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Cognitive load classification target electrode and formula

®TP10

Alpha power
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Cognitive load thresholds

The cumulative average was taken over 60 seconds, aimed to adjust to the progression

of the task.

The 1.25 coefficient is an adjustment for the specificity of the experimental tasks.
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Appendix C

Overview of the experimental procedure.
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Appendix D

Additional information on the reliability of scale items.

We computed the reliability of all assessed variables using Cronbach’s alpha, as discussed
in the article. All values exceeded a = 0.7, spanning 0.7143 to 0.8942, suggesting
acceptable to excellent internal consistency. We further evaluated construct validity
through convergent and discriminatory validity tests. High values of factor loadings and
average variances above 0.5 indicate strong associations between scale items within each
construct, as well as affirm that the items effectively measure a cohesive construct. Lastly,
average variances extracted per construct were greater than the squared correlations

between that and all other constructs, which suggests adequate discriminant validity.
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Appendix E

Pre-experimental questionnaire, basic demographic information

HEC MONTREAL

Please indicate your participant number (e.g. p01).
|
Please indicate your age (e.g. 28).
|
Please indicate your gender.
O Male
O Female
O Non-binary
O Prefer not to say

viii




Pre-experiment questionnaire, consumer product involvement

HEC MONTREAL

English w
Please indicate how important a laptop is to you.
1 2 3 4 5
Mot important | & © O O O Very important
Notrelevant | O © O O O| WVery relevant
Notessential | O © O O O Highly essential

Pre-experiment questionnaire, product expertise

HEC MONTREAL

[English  ~]
Please indicate how much you agree or disagree with the statements below.
Neither

Strongly Somewhat  agree nor  Somewhat Strongly

disagree Disagree disagree disagree agree Agree agree
| am extremely familiar with A ~ A A o IS IS
laptops. - - -
Compared to other people, | would
say that | am one of the most o ~ A A A ~ IS
knowledgeable people when it - = = = - = -
comes to laptops.
| know a lot about laptops. O O O O Q O O
| have a clear idea about the
characteristics that are important in ~ = = = -~ = =
providing me maximum satisfaction - - - - -
in laptops.

X



Pre-experiment questionnaire, MADM-SAW preferences

HEC MONTREAL

Please allocate points (ranging from 1, being “Not important” to 5, being “Very important”) to each of the 8 product
criteria below.
2 - Slightly 3 - Moderately

1 - Not impaortant important important 4 - Important 5 - Very important
1. Screen Size (inches): O O O e} O
2. RAM (GB): O O 0
3. Price (3): @] O O o] o]
4. S5D Memory (GB): (o] (o]
5. Battery Life (hours): O O O
6. Screen Resolution (pixels): @ O O @] @]
7. Processor Speed (GHz): O O O o o]
8. Weight (kg): O O O



Post-trial questionnaire, randomized choice satisfaction and confidence (page 1 of 2)

HEC MONTREAL

English ~
Please indicate how much you agree or disagree with the statements below.
MNeither

Strongly Somewhat  agree nor  Somewhat Strongly

disagree Disagree disagree disagree agree Agree agree
| am satisfied with my decision. @] O O O O O O
If I had the opportunity to receive
the selected laptop, | would be (@] @) O O ] O O
satisfied with it.
| am confident that the chosen
laptop is the best option among all o O ] O (@] ] @]
other available options.

Post-trial questionnaire, randomized choice satisfaction and confidence (page 2 of 2)

HEC MONTREAL

English v
Please indicate how much you agree or disagree with the statements below.
Neither

Strongly Somewhat  agree nor  Somewhat Strongly

disagree Disagree disagree disagree agree Agree agree
| am certain that | made the best . ~ ~ - . - ~
decision. ! / - J 9 & 9]
It is likely that that one of the other
products | did not choose could be (o] O O O ] O O
equal to or better than my choice.
| think the laptop | chose fits my . . . . -
preferences well. ! “ o O O

xi



Post-trial questionnaire, choice overload

HEC MONTREAL

Please indicate how much you agree or disagree with the statements below.
Neither

Strongly Somewhat agree nor Somewhat Strongly

disagree Disagree disagree disagree agree Agree agree
| felt overwhalmed in the decision o - ~ ~ A ~ A
process making. - ! ~f
| was frustrated while deciding o - - - A ~ A
which laptop to select. - ’ - ~
| was confused when deciding ~ —~ ~ ~ ~
which laptop to select. ~ w --.» o o
It was difficult for me to choose the = = = = =
maost suitable laptop. ~ w U 9] 9]

Xii



Post-experiment questionnaire, need for cognition (page 1 of 3)

HEC MONTREAL

For each of the statements below, please indicate whether or not the statement is characteristic of you or of what you
believe.
Extremely Somewhat Somewhat Extremely
uncharacteristic Uncharacteristic uncharacteristic characteristic Characteristic characteristic
of me of me of me Uncertain of me of me of me
| prefer complex to A A - o - ~ A
simple problems. - - - -
| like to have the
responsibility of
handling a situation O O O O O O O
that requires a lot of
thinking.
Thinking is not my ~ ~ ~
idea of fun. - O O O O
| would rather do
something that
requires little thought = = =

than something that is
sure to challenge my
thinking abilities.

| try to anticipate and

avoid situations where

there is a likely chance - - - — —
| will have to think in
depth about
something.

| find satisfaction in
deliberating hard and @] @] O @] @] o o
for long hours.

Next

Xiii



Post-experiment questionnaire, need for cognition (page 2 of 3)

HEC MONTREAL

For each of the statements below, please indicate whether or not the statement is characteristic of you or of what you
believe.
Extremely Somewhat Somewhat Extremely
uncharacteristic Uncharacteristic uncharacteristic characteristic Characteristic characteristic
of me of me of me Uncertain of me of me of me
I only think as hard as o o o o o O ;

| have to.

I prefer to think about
small daily projects to @ @] O O @ @] 8]
long term ones.

I like tasks that require
little thought once I've O (] ] ] O O @]
learned them.

The idea of relying on

thought to make my — ~ _ = ~
way to the top appeals ‘ )
to me.

I really enjoy a task

that involves coming — - _ . _
up with new solutions ~ ~ -/ J @ @
to problems.

Learning new ways to
think doesn't excite @ @] O O @] @] 8]
me very much.

I prefer my life to be
filled with puzzles | Q O Q Q Q @ @]
must solve.

X1v



Post-experiment questionnaire, need for cognition (page 3 of 3)

HEC MONTREAL

English ~

For each of the statements below, please indicate whether or not the statement is characteristic of you or of what you
believe.

Extremely Somewhat Somewhat Extremely
uncharacteristic Uncharacteristic uncharacteristic characteristic Characteristic characteristic
of me of me of me Uncertain of me of me of me

The notion of thinking
abstractly is appealing O O O O @] @] C
to me.

| would prefer a task

that is intellectual,

difficult, and important

to one that is O O O O O O
somewhat important

but does not require

much thought.

| feel relief rather than

satisfaction after

completing a task that 9] 0] 0] O o o
requires a lot of mental

effort.

It's enough for me that

something gets the job - - — — -
done; | don't care how = = = = = =
or why it works.

I usually end up

deliberating about

issues even when they O O O O O O
do not affect me

personally.

Next

XV



Post-experiment questionnaire, psychological reactance (page 1 of 2)

HEC MONTREAL

Please indicate how much you agree or disagree with the statements helow.
Meither

Strongly Somewhat agree nor  Somewhat Strongly

disagree Disagree disagree disagree agree Agree agree
The thought of being dependent on o ~ ~ ~ A ~ ~
others aggravates me. - = = -
| become frustrated when | am
unable to make free and O O O O O O O
independent decisions.
It irritates me when someone
points out things which are obvious o] O O O (@] O O
to me.
| become angry when my freedom A = = = A P P
of choice is restricted. = J J O O
Regulations trigger a sense of . ~ ~ A ~ A A
resistance in me. A - J J o) 0 0]
| find contradicting others o A A A O ~ o
stimulating. -~ ! o
When something is prohibited, |
usually think, "That's exactly what | O O O O O O O
am going to do.”

Xvi



Post-experiment questionnaire, psychological reactance (page 2 of 2)

HEC MONTREAL

English kv
Please indicate how much you agree or disagree with the statements below.
Meither

Strongly Somewhat  agree nor  Somewhat Strongly

disagree Disagree disagree disagree agree Agree agree
It dizappoints me to see others
submitting to society’s standards O O O O O O O
and rules.
| am contented only when | am o ~ ~ A o s e
acting of my own free will. - - - - - - -
| resist the attempts of others to ~ ~ — ~ ~
influence me. - o L o Q
It makes me angry when another

person is held up as a role model o Q Q Q o Q Q
for me to follow.

When someone forces me to do
something, | feel like doing the o] O O O O O O
opposite.

| consider advice from others to be — -~ - — -

an intrusion. Y | ! L O ( [
Advice and recommendations
usually induce me to do just the @] & O O @] O O

opposite.

Xvil



Appendix F

Summary of Advantages of Neuro-Adaptive Recommendations

Observed Advantage

Specific Finding

Possible Consideration (if applicable)

Neuro-adaptive
recommendations
occasionally
outperformed standard
recommendations.

Choice confidence and
decision quality were
higher for one of the
three experimental trials
in the neuro-adaptive
condition.

Neuro-adaptive
recommendations
mitigated some of the
drawbacks of standard
recommendations.

Conversely to when
recommendations were
static, users with low
product expertise and
psychological reactance
scores did not perceive
significantly higher
choice overload with
neuro-adaptive
recommendations.

Neuro-adaptivity aligns with the user
experience principle of progressive
disclosure (Ding et al., 2020),
suggesting a gradual increase in the
density of information displayed to
users.

Neuro-adaptive
recommendations did
not significantly
increase decision times
among users with high
psychological reactance
scores, unlike what was
observed with static
recommendations.

Standard recommendations were shown
to trigger a sense of threat of personal
freedom (Brehm & Brehm, 1981;
Fitzsimons & Lehmann, 2004), resulting
in more time spent to re-establish the
sense of freedom by individuals (L.
Shen & J. P. Dillard, 2005). As neuro-
adaptive recommendations appear only
when the system deems necessary, their
appearance might have been perceived
as more justified.
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Neuro-adaptive
recommendations are
better catered to
certain individuals.

Users with lower
product expertise
experienced higher
choice satisfaction and
confidence with neuro-
adaptive
recommendations, but
not with static ones.

Lower product expertise is linked to
lower levels of certainty about a
decision (Kamal & Burkell, 2011;
Urbany et al., 1989). Providing
recommendations at the optimal
moment, rather than persistently,
promotes a feeling of being heard in
one’s struggles and perceiving the
experience as more personalized.

Choice confidence
scores were higher
among low product
involvement users in the
presence of neuro-
adaptive
recommendations,
compared to any other
condition.

Being exposed to a certain product
category may increase product
involvement (Maheswarappa et al.,
2017; Petty & Cacioppo, 2012). By first
exposing participants to the products
without any recommendations, they
were able to build better rapport and
relatedness to the product (Slama &
Tashchian, 1985), which eventually
brought them more confidence about
their selection.

High need for cognition
individuals reported
higher choice
satisfaction with neuro-
adaptive
recommendations only.

Allowing users to autonomously select a
product before providing them with
recommendations provides them with
the pleasure they experience from
cognitively demanding tasks (Cacioppo
& Petty, 1982). When recommendations
were static, the system assumed that
these users require assistance, which
may have reduced their engagement
with the task (Petty et al., 2007; Wheeler
et al., 2005).
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