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Exploring the role of personality, trust, and privacy in customer experience performance during

voice shopping: Evidence from SEM and fuzzy set qualitative comparative analysis
Abstract

Voice shopping is becoming increasingly popular among consumers due to the ubiquitous presence of
artificial intelligence (Al)-based voice assistants in our daily lives. This study explores how
personality, trust, privacy concerns, and prior experiences affect customer experience performance
perceptions and the combinations of these factors that lead to high customer experience performance.
Goldberg’s Big Five Factors of personality, a contextualized theory of reasoned action (TRA-privacy),
and recent literature on customer experience are used to develop and propose a conceptual research
model. The model was tested using survey data from 224 US-based voice shoppers. The data were
analyzed using partial least squares structural equation modeling (PLS-SEM) and fuzzy-set qualitative
comparative analysis (fsQCA). PLS-SEM revealed that trust and privacy concerns mediate the
relationship between personality (agreeableness, emotional instability, and conscientiousness) and
voice shoppers’ perceptions of customer experience performance. FSQCA reveals the combinations of
these factors that lead to high perceptions of customer experience performance. This study contributes
to voice shopping literature, which is a relatively understudied area of e-commerce research yet an

increasingly popular shopping method.

Keywords: Voice shopping, personality, trust, privacy, prior experience, customer experience, smart

speaker, personalization, artificial intelligence.



1. Introduction

Consumers increasingly expect to use digital platforms to obtain instant, frictionless, and memorable
experiences during online shopping (Behrenbeck et al., 2015; Williams et al., 2020). Consequently,
firms are constantly developing strategies to satisfy their customers' experiential needs through the
latest technologies adopted by consumers (Fanderl et al., 2019; Lim et al., 2020). One strategy that
many firms are currently using to stand out from the competition is by providing voice shopping
services (Arnett et al., 2018; Fiona, 2017; Kinsella & Mutchier, 2019). The term voice shopping today
mostly describes the use of artificial intelligence (Al)-based voice assistants like Amazon’s Alexa and
Google’s Google Assistant to shop online. In the US alone, one in five consumers has performed voice
shopping through this shopping channel, which is already worth over 1.8 billion USD (Kinsella &
Mutchler, 2018a). This has led to calls for studies that explain how to improve individual customer
experiences when using voice assistants through personalization (Davenport et al., 2020; de Barcelos
Silva et al., 2020; Duan et al., 2019; Dwivedi et al., 2020). Prior research has established the
importance of personalization in customer experience, especially when using Al-enabled technologies
(Ameen et al.,2021; Tyrvdinen et al., 2020; von Briel, 2018). It is also known that consumer
personality is a key determinant of personalization in e-commerce (Kazeminia et al., 2019; Kim et al.,
2015; Moon, 2002). Yet, no study investigates how/if personality affects customer experience during

voice shopping in particular.

Understanding this phenomenon in the specific context of voice shopping is important not just for
comparative reasons with other shopping channels but also because voice shopping has its
specificities. For example, speech has been associated with personality traits like impulsive sensation
seeking and aggression (Guidi et al., 2019). It has also been associated with emotions that determine
customer satisfaction in voice commerce environments due to additional information contained in
voice pitch and tone (Chang & Jang, 2009). Such data cannot be obtained from text-based channels
like websites, giving voice shopping platforms the ability to provide personalized services by
analyzing both text and voice signals. Also, trust and privacy play a central role in adopting Al-based
voice assistants (Burbach et al., 2019; Liao et al., 2019; McLean & Osei-Frimpong, 2019). The
personalization/privacy paradox makes it challenging for customers to obtain personalized services
that will meet their experiential needs without trading off some of their privacy rights (Cloarec, 2020;
Dwivedi et al., 2020; Lee & Rha, 2016). In voice shopping, this challenge is even more critical than in
other e-commerce channels, given that voice shopping devices are usually “always listening” devices,
exposing consumers to significant privacy concerns. Furthermore, trust mediates the relationship
between personalization and Al-enabled customer experience because trust in the Al context also
involves trusting the intentions of Al and its processes (Ameen et al., 2021). In other e-commerce
channels, intentions and processes are predefined whereas Al-based voice assistants are expected to

learn, understand, adapt, and evolve (Kaplan & Haenlein, 2019). Thus, trusting the vendor, voice
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assistant service provider, and Al algorithms could affect the personalization of voice shopping
services depending on how much the consumer is willing to share (even unconsciously) through voice
shopping devices. All these specificities of voice shopping incite the need to investigate the

relationship between personality and customer experience in the specific context of voice shopping.

This paper explores how personality, trust, privacy concerns, and prior experiences affect consumer
perceptions and lead to high customer experience performance. It seeks to answer two main research
questions: (i) how do personality, trust, privacy concerns, and prior experience affect consumer
perceptions of customer experience performance? (ii) which configurations of these factors lead to
high customer experience performance? This study is theoretically grounded in Goldberg's Big Five
personality factors (Goldberg, 1990), a contextualized theory of reasoned action (TRA-privacy), and
recent literature on customer experience. Using an online survey involving 224 US-based voice
shoppers shows the relationships between personality, privacy concerns, trust, prior experience with
smart speakers, and customer experience performance. Understanding the relationships between these
concepts is essential for addressing personalization issues during the design and implementation of
voice shopping services. Specifically, it reveals which personalities are more concerned about trust

and privacy and the combinations that lead to high customer experience performance.

The rest of the paper presents a literature review of customer experience performance, voice shopping,
and personality, discusses the theoretical framework and model development, followed by the

methodology, results, discussion, and conclusions.
2. Literature review

2.1. Customer experience performance
Customer experience is holistically conceptualized as a multidimensional construct that characterizes a
customer’s cognitive, emotional, behavioral, sensorial, and social responses to service delivery
processes (Hsu & Tsou, 2011; Lemon & Verhoef, 2016; Shi et al., 2020; Verhoef et al., 2009). It
encompasses the total experience of the customer throughout the customer journey (Laming & Mason,
2014; Verhoef et al., 2009). Although measuring customer experience is critical for decision making,
scholars and practitioners started measuring the overall customer experience only recently.
Consequently, there is, to date, no well-established customer experience measurement scale or
approach (Lemon & Verhoef, 2016; Morgeson et al., 2015). Customer satisfaction and Net Promoter
Score (NPS) are currently the most popular approaches used to measure customer experience (Klie,
2013; Level 3 Communications, 2010; Santander UK, 2014). However, customer satisfaction only
captures the customer’s emotional state resulting from the customer’s interaction with a platform or
business (Verhoef, 2003). Thus, customer feedback metrics that focus on a specific dimension of
customer experience are not strong predictors of customer experience performance, thus calling for the

development of stronger measurement scales (Lemke et al., 2011; Lemon & Verhoef, 2016).



While some researchers have attempted to conceptualize customer experience and to evaluate its
impact on shopping intentions (Hsu & Tsou, 2011; Shi et al., 2020), others have investigated tools that
can help firms comprehensively measure their overall customer experience performance
(Kuppelwieser & Klaus, 2020; Scheidt & Chung, 2019; Sperkova, 2019). Some are also investigating
the antecedents of customer experience (Foroudi et al., 2018; Hsu & Tsou, 2011; McLean & Wilson,
2016) and how to best manage the customer experience in this era of big data (Grewal et al., 2009;
Holmlund et al., 2020; Witell et al., 2020). Others have explored the mediating role of customer
experience in relation to utilitarian/hedonic attributes of a product and brand equity, social interaction,

convenience, and customer satisfaction (Sheng & Teo, 2012; Srivastava & Kaul, 2014).

In online contexts, customer experience is centered around information technology (IT) access and
design, customer support, customer service, and fulfillment in relation to product quality, price,
description, and delivery time (Stanworth et al., 2015). Online customer experience is influenced by a
web page's verbal and visual design elements (Bleier et al., 2019). Depending on the product type and
brand trustworthiness, this experience could influence purchase decisions. Perceived utilitarian and
hedonic benefits have been found to influence customer satisfaction with online social network
services (Hsu et al., 2014). While web design quality enjoyment and web service quality influence

customer satisfaction, these relationships are moderated by websites' interactivity (Ku & Chen, 2015).

In the context of mobile commerce, customer experience is an important factor for the improvement of
customer conversion and repurchase intention (Chopdar & Balakrishnan, 2020; Kaatz et al., 2019;
Wagner et al., 2020). Perceived enjoyment and ubiquity directly affect customer satisfaction, and
perceived enjoyment is influenced by two-way communication, responsiveness, and synchronicity of
the mobile commerce platform (Chopdar & Balakrishnan, 2020; Yang & Lee, 2017). Utilitarian
factors of technology, ease of use, convenience, and customization influence enjoyment, while the
perceived amount of time spent on a shopping activity using mobile applications influences the
customer’s shopping experience (McLean, Al-Nabhani, & Wilson, 2018). Also, perceived visual
complexities negatively affect satisfaction with customer experience, and this relationship is mediated
by perceived psychological cost (time, effort, and visual crowdedness) (Sohn et al., 2017).
Furthermore, customers with good customer experience in terms of interactional justice tend to

complain less than others when they face an issue with a vendor (Wu, 2013).

2.2.Voice shopping
The extant literature shows that AI continues to disrupt business models and foster digital
transformation. Smart speakers are the fastest-growing Al-based consumer technology since the
smartphone (Simms, 2019). Business leaders are actively thinking about how they can be leveraged to
improve sales and their customers' shopping experiences. The two most important characteristics of

voice shopping are ease of use and personalization (Rowe, 2019; While et al., 2018). Personalization



and the social role of conversational voice agents influence consumers' attitudes towards
recommendations made by these agents during voice shopping. Thus, more personalized
recommendations and a more socially-friendly design of voice shopping services have become
necessary (Qiu & Benbasat, 2008; Rhee & Choi, 2020; Yuan & Dennis, 2019). Customers are
increasingly doing voice shopping because of the convenience expectations of this shopping channel,
especially regarding faster and frictionless shopping (Klaus & Zaichkowsky, 2020; Reisinger, 2018).
They expect this channel to provide faster and more efficient shopping services, including
repurchasing items, hands-free online shopping, shopping reminders, and timely recommendations

(Moriuchi, 2019; While et al., 2018).

However, a major downside of voice shopping remains privacy concerns since voice shopping
services are offered through “always listening” devices meant to facilitate the provision of
personalized services (Cloarec, 2020; Kinsella & Mutchler, 2018b). Nevertheless, the constantly
growing number of voice shoppers indicates that the convenience voice shopping brings to the
customer experience largely outweighs privacy concerns (While et al., 2018). Also, it is relatively
difficult to browse and discover new shopping possibilities during voice shopping. This explains why
voice shopping is more adapted for repurchase activities since the consumer does not have to go
through the cognitive effort required to browse and purchase new items (Simms, 2019). Some authors
have also revealed security flaws in voice shopping systems (Lei et al., 2017). For businesses, voice
shopping is perceived as an excellent way to convert leads to sales (Simms, 2019) and improve
customer loyalty (Moriuchi, 2019). Nevertheless, this channel brings about several challenges
regarding data ownership, commissions for payment services, and competition with smart speaker

companies since they also provide voice shopping services (Simms, 2019).

There are debates about the importance of consumer trust in firms' services through voice assistants
(Klaus & Zaichkowsky, 2020). Consumer trust in voice shopping as well as in the voice shopping
service provider (e.g., Amazon) significantly affects customer experience and adoption of voice
shopping platforms (Klaus & Zaichkowsky, 2020). Trust is built by the interaction quality between the
consumer and the voice assistant, especially through the assistant's quality of responses and
recommendations (Li & Karahanna, 2015; Nasirian et al., 2017). The social perception of voice
assistants also affects consumer trust in voice assistants and leads to a para-social relationship between
voice assistants and voice shoppers (Hu et al., 2019; Whang, 2018). However, consumers hardly trust
the integrity and choices of voice assistants, although some managers strongly believe voice assistants

would win consumer trust compared to other technologies (Mari, Mandelli, & Algesheimer, 2020).

2.3. Artificial intelligence and personality
Several researchers are working on embedding personality and enhancing social interactions between

Al systems and their environments (Rodi¢ et al., 2015). Voice personality could influence the



acceptance and continued use of social Al systems, especially for elderly people (Rodi¢ et al., 2016;
Shareef et al., 2021). Furthermore, people generally prefer female extraverted voices in social Al
systems, and it is important to consider individual preferences during design (Loideain & Adams,
2020). Such studies have created the need for research that can help assess, understand, and apply
individual differences in adaptation to Al technologies that manifest social agency capabilities (Chang
et al., 2018; Matthews et al., 2020). On the other hand, peoples’ personality traits have been used to
train Al algorithms that help explain human behaviors like gambling (Cerasa et al., 2018),
cyberbullying (Sdnchez-Medina et al., 2020), and desirability (Fatahi & Moradi, 2016). They have
also been used to train Al algorithms for candidate recruitment (Lee & Ahn, 2020) and predict
peoples’ reactions to tweets (Gallo et al., 2020) based on personality analyses. Furthermore, some
studies suggest that the way people interact with Al is different from the way they do with other
humans. Although people tend to be more open, agreeable, extraverted, conscientious, and self-
disclosing with humans than with Al (Mou & Xu, 2017), extraverts are more likely to delegate
decision making to Al than introverts, and conscientious people tend to prioritize performance over

convenience (Goldbach et al., 2019).

Personality traits influence consumers' preferences and online shopping behaviors and experiences
(Anaza, 2014; Bosnjak et al., 2007; Marbach et al., 2016; Wu & Ke, 2015). For example, the Big Five
traits (neuroticism, conscientiousness, extraversion, openness, and agreeableness) influence impulsive
and compulsive online shopping behaviors (Gohary & Hanzaee, 2014; Olsen et al., 2016; Turkyilmaz
et al., 2015). They also influence self-reported happiness and non-grocery shopping (Goldsmith,
2016). Furthermore, extraversion and conscientiousness have been shown to influence consumers’
willingness to pay (Ufer et al.,, 2019). Meanwhile, aggressiveness and altruism have significant

impacts on consumers' complaining attitudes and behaviors (Souiden et al., 2019).

This review reveals the conspicuous absence of personality studies in the context of voice shopping
despite the importance of personalization and perceptions of ease of use for the customer experience of
voice shoppers. Therefore, this study seeks to fill this research gap by investigating the relationship
between personality traits and perceptions of customer experience performance in the context of voice

shopping.
3. Theoretical framework and model development

This study is theoretically founded on the Big Five personality traits (Goldberg, 1990) and TRA-
privacy (Bansal et al., 2016), which contextualizes TRA. The Big Five factors are a well-established
set of personality traits that have been extensively used in personality research to understand how
individual differences affect human behavior (Cui, 2017; Gohary & Hanzaee, 2014; Goldsmith, 2016).
It has also been extensively used in information systems (IS) research to explain human-computer

interactions (Chen et al.,, 2015; Maier et al., 2020; Venkatesh et al., 2014). TRA-privacy is a
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contextualized trust theory that argues that “personality types and privacy concerns are critical factors
impacting trust and the willingness to disclose personal information” (Bansal et al., 2016, p.1). As
highlighted in the literature review, privacy concerns are a major issue in voice shopping. Thus, TRA-
privacy could help explain how personality relates to customer experience in voice shopping contexts
since benefiting from the full voice shopping experience requires the willingness to disclose personal
information. Based on the aforementioned theories, Figure 1 presents a research model to explain

customer experience performance.

Personality traits

Extroversion Privacy Concerns
i H6
(atoe)
Agreeableness H3 Hi
A
H7 Trust in Smart Ho Customer
Conscientiousness Gt 0/ ) > Speaker Experience
Manufacturer Performance
f 3
Emotional H5
H
Instability 4
Prior Experience
Intellect with Smart
Speakers

Figure 1. Research Model

3.1. Privacy concerns, trust, and prior experience with smart speakers
Privacy concerns refer to worries individuals have about the control they have over the use of the
personal information they share with organizations (Yun et al., 2019). On web platforms, publishers
are often challenged by the decision to trade between price and privacy in their attempt to make
profits. Platform owners sometimes tend to violate the privacy of their customers to offer cheaper
services by monetizing customer data, thus justifying the rising concerns about information disclosure
and online privacy expressed by consumers (Gopal et al., 2018; Piotrowicz & Cuthbertson, 2014).
Smart speakers provide access to voice shopping services that are not created and managed by smart
speaker companies (like Amazon or Google) but by other third-party companies providing voice
shopping services. The question is, will the data be used by the smart speaker company or the third-
party company, and how? Therefore, although the services provided by third parties create value for
their customers, this comes at the cost of concerns regarding information sharing and disclosure

between the manufacturer and third parties.

However, in the context of mobile apps, app value reduces the cost of privacy trade-offs, especially
regarding permitting apps to access personal data (Gu et al., 2017; Wottrich et al., 2018). Therefore,

depending on the voice shopping service's perceived value, the privacy-concerned user may not be



willing to grant the voice shopping service access to their personal information. This would limit the
service’s ability to provide the customer with the best possible voice shopping experience. Also, user
interfaces that positively affect consumers make them significantly underestimate privacy concerns
(Kehr et al., 2015). Given that convenience is the main reason consumers like using smart speakers for
voice shopping, this shopping interface's convenience could make customers underestimate privacy
concerns. However, suppose the consumer has to read or say personal information out loud during
voice shopping interactions. In that case, this may create discomfort, especially in public spaces
(Easwara Moorthy & Vu, 2015), thereby reducing the customer experience performance. Moreover,
voice shopping involves granting access to a lot of personal information, leading to transactional
privacy concerns and even intrusiveness feelings (Choi & Land, 2016; Krafft et al., 2017). This could
influence the shopper's customer experience, which would explain why perceived privacy risk
negatively affects the use of in-home voice assistants (de Barcelos Silva et al., 2020; Hadian et al.,

2019; McLean & Osei-Frimpong, 2019). These arguments led us to the following hypothesis:

Hypothesis 1 (HI): Privacy concerns will have a negative effect on customer experience performance

during voice shopping with smart speakers.

Trust is defined as the belief that one party will not take advantage of the other's relative weakness but
can rather depend on them to fulfill their commitments (Gefen et al., 2003). Smart speaker owners are
always in a position of relative weakness since these devices are always listening for instructions from
the user and collecting user information at the same time. Bansal et al. (2016) define a sensitive
context as “an environment in which individuals’ sensitive information is collected, stored, and
communicated as a matter of routine business activity” (p.4). This is precisely the case with smart
speakers since people will naturally not censor everything they say at home simply because they own a
smart speaker. Moreover, plugging/unplugging the smart speaker each time we want/don’t want to use
it just because of privacy concerns will defeat the purpose of convenience for which these devices
were made. Thus, smart speaker owners are bound to trust that the smart speaker manufacturers will
not misuse their data. This suggests that trust plays an important role in the perceived customer
experience performance. Previous studies show that trusting beliefs — the belief that firms are
interested in and care about the wellbeing of their customers, positively influences word-of-mouth and
purchase intentions (Mikalef et al., 2017; Mikalef et al., 2017; Pappas et al., 2017). This implies
customers who experience positive trust beliefs most likely had good enough experiences to incite
their intention to purchase from a given company and to encourage others to do the same.
Furthermore, one could argue that trust is related to customer experience as trust can reduce the
cognitive effort required to pay attention to details, especially when the voice assistant is perceived as
easy to learn and operate (Lemon & Verhoef, 2016; Shareef et al., 2021). Therefore, we hypothesize
that:



Hypothesis 2 (H2): Trust in the smart speaker manufacturer will have a positive effect on customer

experience performance during voice shopping with smart speakers.

Although consumers could end up trusting platform owners with their private information, they have
less trust in third-party companies seeking their information through these platforms (Kelly et al.,
2017). This implies that customers doing voice shopping with smart speakers may not be willing to
trust a third-party service provider with their personal/financial information. However, without sharing
this information with the third-party, they will not be able to use all or part of the voice shopping
services. Consequently, this lack of trust could negatively affect their experience with the voice
shopping service since they would not fully enjoy it. This suggests that trust mediates the relationship

between customer experience performance and privacy concerns. Therefore, we hypothesize that:

Hypothesis 3 (H3): The effect of privacy concerns on customer experience performance during voice
shopping with smart speakers will be mediated by the trust customers have in their smart speaker

manufacturer.

A consumer’s impression may change depending on the person’s perceived history of success or
failure with a particular experience (Avnet et al., 2012). Previous studies show that the prior
experience of a consumer with a company influences trust in the company’s website (Kumar et al.,
2018; Shi & Chow, 2015). Also, in sensitive contexts like financial services markets, prior experience
with information exchange is found to influence customer trust (Lindh et al., 2016). Similarly, we
argue that when voice shopping with smart speakers, experience with smart speakers influences the
way the smart speaker company is trusted. If the past experiences in using smart speakers were good,
then it is more likely that the satisfied user would trust the smart speaker company to deliver good
voice shopping services. In other words, the trust built in the manufacturer while using the smart
speaker in the past would be extended to the voice shopping services provided through the smart

speaker. Therefore, we hypothesize that:

Hypothesis 4 (H4): Prior experience with smart speakers will have a positive effect on the trust

customers have in their smart speaker manufacturer.

People are found to avoid internet ads based on their negative prior experience with other internet ads
and vice versa (Seyedghorban et al., 2016). Similarly, consumer perceptions of other smart speaker
services would influence their evaluation of the experience with voice shopping services. This study
argues that if smart speaker users have positive prior experiences with other smart speaker services,
they will likely use this as a baseline to evaluate their voice shopping experiences. Therefore, the

following hypothesis is made:

Hypothesis 5 (HS5): Prior experience with smart speakers will have a positive effect on customer

experience performance during voice shopping with smart speakers.



3.2. Personality
According to TRA-privacy, personality differences affect trust and privacy concerns because
personality traits are related to people's information behaviors (Bansal et al., 2016). We resorted to
Goldberg's Big Five factors (extraversion, agreeableness, emotional instability, conscientiousness, and
intellect) (Goldberg, 1990) to identify the personality traits that play a role in customer experience

performance how they operate.

Extraversion is a personality trait that describes people who are playful, expressive, talkative, brave,
optimistic, and spontaneous (Goldberg, 1990). People with this personality are more likely to engage
in social orientation activities (interpersonal relations) because they are more people-oriented. They
are willing not only to pay more for products just to encourage local producers (Ufer et al., 2019) but
to delegate tasks to Al algorithms (Goldbach et al., 2019). They also tend to show higher life
satisfaction, happiness, and hedonic shopping habits (Goldsmith, 2016). However, higher extraversion
is positively associated with higher utilitarian shopping values and negatively associated with
impulsive online buying (Gohary & Hanzaee, 2014). Furthermore, extraversion is negatively
associated with privacy concerns and positively associated with trust in environments that require
information disclosure online (Bansal et al., 2016). Knowing that extraverts enjoy social interactions
and are more willing to delegate tasks to Al algorithms, they would be less wary about privacy
concerns and more inclined to trust the algorithms behind smart speakers. As a result, we hypothesize

that:
Hypothesis 6a (H6a): extraversion will negatively affect privacy concerns.
Hypothesis 7a (H7a): extraversion will positively affect trust.

Agreeableness is a personality trait that describes people who are cooperative, friendly, emphatic,
lenient, courteous, generous, flexible, warm, natural, and with strong moral values (Goldberg, 1990).
This personality trait is positively correlated with happiness, hedonic shopping habits (Goldsmith,
2016), online impulse buying (Turkyilmaz et al., 2015), internet addiction (Leong et al., 2019), high
utilitarian values, and knowledge sharing attitudes (Cui, 2017). It is also positively associated with
privacy concerns and trust online because it is perceived as immoral for manufacturers or third parties
to invade their privacy (Bansal et al., 2016). However, because of their friendliness, leniency, and
hedonic shopping habits, people with this trait may decide to trust these companies despite their
privacy concerns because they look forward to enjoying the pleasure of voice shopping. Therefore, we

formulate the following hypotheses:
Hypothesis 6b (H6b): Agreeableness will positively affect privacy concerns.

Hypothesis 7b (H7b): Agreeableness will positively affect trust.
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Emotional instability or neuroticism is a personality trait that describes people who are insecure,
fearful, emotional, gullible, and intrusive (Goldberg, 1990). This personality trait negatively affects
impulsive online buying (Turkyilmaz et al., 2015). Given their anxious nature and low confidence in
their decisions, people with this personality trait tend to easily engage in compulsive buying behaviors
(Gohary & Hanzaee, 2014). This shows that they do not trust their instincts. Also, disclosing their
personal information makes them nervous and anxious, especially in sensitive contexts (Bansal et al.,
2016). We believe the fear, anxiety, and insecurity they feel will make them scared to share and

entrust their personal information through smart speakers. Therefore, we hypothesize that:
Hypothesis 6¢ (H6c): Emotional instability will positively affect privacy concerns.
Hypothesis 7c (H7c): Emotional instability will negatively affect trust.

Conscientiousness is a personality trait that describes people who are organized, efficient, dependable,
precise, conventional, persistent, cautious, punctual, decisive, and predictable (Goldberg, 1990).
Conscientious individuals make decisions based on the information they have. Perceptions of strong
moral values and ethics positively influence their trust and decision to commit to an action. Such
people are willing to pay more to derive utilitarian value from a product or service, especially if the
company seems dependable and trustworthy (Gohary & Hanzaee, 2014; Ufer et al., 2019).
Furthermore, they are more likely to trust brands that they perceive as trying to improve their services
and better meet customer needs (Rajavi et al., 2019). Nevertheless, their careful and responsible nature
makes them avoid unnecessary risks (Ufer et al., 2019), which also explains why this personality trait
is positively associated privacy concerns (Junglas et al., 2008; Korzaan & Boswell, 2008). Voice
shopping requires sharing an extensive amount of personal information to benefit from the full
experience it offers fully. We argue that conscientious individuals would acquire as much information
as possible on the primary and secondary uses of the data collected. This would enable them to decide
whether or not it is worth the risk in terms of customer experience improvements. Since they are very
meticulous, it is expected that more conscientious individuals will have greater privacy concerns than
less conscientious ones. Also, conscientious individuals are more likely to trust voice shopping
services provided through smart speakers that are perceived to better serve customer needs and to have

trustworthy user agreements. This leads us to hypothesize that:
Hypothesis 6d (H6d): Conscientiousness will positively affect privacy concerns.
Hypothesis 7d (H7d): Conscientiousness will positively affect trust.

Intellect or openness to experience is a personality trait that describes people who are insightful,
creative, and curious (Goldberg, 1990). This personality trait is positively associated with non-grocery
shopping habits because it is a highly experiential activity and people with this personality trait like

new experiences (Goldsmith, 2016). It also is positively associated with higher utilitarian shopping
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values (Gohary & Hanzaee, 2014), impulsive online buying (Turkyilmaz et al., 2015), and social
commerce adoption intentions (Aydin, 2019) for the same reasons. Individuals with this personality
trait are more willing to disclose their personal information when using technology (Pizzi & Scarpi,
2020). Voice shopping is a very new practice that is gaining popularity. Therefore, we argue that the
stronger this personality trait is in an individual, the more likely they are to disclose their personal
information to experience voice shopping fully. Their open-mindedness and curiosity would
overshadow their privacy concerns and will make them trust the process although their rationality

would enable them to understand the risks involved fully. Therefore, we hypothesize that:
Hypothesis 6e (Hb6e): Intellect will negatively affect privacy concerns.
Hypothesis 7e (H7e): Intellect will positively affect trust.

4. Methodology

4.1.Survey administration and data collection
We used an online questionnaire-based survey to collect data. We chose this approach because, in
exploratory and predictive research settings, it is a well-established approach that is easily replicable
and generalizable (Mikalef et al., 2020). All scales used for the survey were adapted from previous
studies. Given that customer experience performance has no well-established set of measurement
items (Lemon & Verhoef, 2016; Morgeson et al., 2015), we adapted a performance impact scale from
Aldholay et al., (2018). We chose this scale because it attempts to holistically capture performance
impact expectations of consumers who use technology services (Isaac et al., 2017; Isaac et al., 2019;
MD Main Uddin et al., 2019). We did a pretest and a pilot test to verify the psychometric properties of
our measurement instrument. The pretest was conducted to test the understandability of the
instrument, which was a 7-point-Likert scale questionnaire. Thus, 20 random graduate students from
our university were asked to fill in and provide feedback on the instructions, wordings, length, and
clarity. As expected, we did not have any negative feedback as the scales that we used had already

been validated in existing studies.

The pilot test was used to verify the reliability and validity of items used to measure each construct.
This test was conducted on our study's target population, that is, US citizens with voice shopping
experience through smart speakers. We used a platform called Prolific' to recruit research participants.
This platform helps researchers recruit survey participants and collect reliable data (Jeong et al., 2019;
Peer et al., 2017). We used this platform because: (i) it has a strict participant recruitment procedure;
(i) it ensures the privacy of participants; and (iii), it gave us more screening options, thereby enabling
access to better-quality participants. The pilot test was conducted using 50 responses. All construct

reliability and validity test scores, including Cronbach’s alpha, average variance extracted (AVE), and

Uhttps://www.prolific.co/
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Fornell-Larcker test, were deemed acceptable (Hair Jr. et al., 2017). The results of the pilot test

enabled us to validate the questionnaire and pursue our study.

The validated questionnaire was sent to target participants through the Prolific platform. The
participants of this main data collection phase did not take part in the pilot test. The data collection
process took place in February 2020. Out of the 243 responses obtained, 224 were validated and
retained for further analysis. To mitigate any effects of common method bias in this study, we did the
following (Podsakoff et al., 2003): (i) informed participants that the survey was completely
anonymized, data collected will be used strictly for academic research, and there are no wrong or right
answers; (il) questionnaires were administered online, and questions were randomized; (iii)
participants were informed on attention checks to keep them focus throughout the process. After data
collection, Harman's single factor test showed that no single factor solution emerged from the factor
analysis, and the maximum variance explained by any one factor was 31.2%. This is below the critical
threshold of 50% (Podsakoff et al., 2003). Thus, data analysis was pursued without fear of errors

induced by common method bias. Table 1 presents a description of our sample.

Table 1. Description of the study sample

Characteristic Sample (N=224)
Type of smart speaker used

Amazon Echo 150
Google Home 54

Both 20

Years of Experience with smart speakers

Less than a year 17
1 year 45
2 years 91
3-5 years 64
Over 5 years 7

Age (in years)

Below 21 6

21-40 149
41-55 52
56-74 16
Over 74 1

Gender

Female 99
Male 124
Prefer not to say 0

Transgender 1

Annual household income (in USD)
Less than 10K 5
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10K-50K 52
50K-100K 109
100K-150K 42
Over 150K 16

4.2.PLS-SEM
First of all, we used partial least squares structural equation modeling for data analysis (PLS-SEM)
(Hair et al., 2014; Hair Jr et al., 2016). A well-established approach in IS and marketing research
allows researchers to quantitatively and reliably assess causal relationships between multiple
independent and dependent variables simultaneously (Chen et al., 2020; Gu et al., 2019; Mikalef et al.,
2020). This approach involves two main stages: (i) assess the measurement model wherein the
reliability and validity of the model’s measurement constructs are verified; and (ii) assess the
structural model wherein the hypotheses of the model are tested. We completed our data analysis using

SmartPLS software version 3.3.2.

The measurement model was assessed through the computation of the values of item loadings,
Cronbach’s alpha, composite reliability, average variance extracted (AVE), Fornell-Larcker criteria,
and the heterotrait-monotrait ratio of correlations (HTMT) (Hair Jr. et al., 2017). The ultimate goal
was to validate the quality of our scale. Item loadings, Cronbach’s alpha, and composite reliability
values were expected to be above the 0.70 thresholds to support item and construct reliability; AVE
values have to be above the 0.50 threshold to support convergent validity; to validate discriminant
validity, HTMT has to be below 0.85 and the square root of the AVE for each construct should be

greater than the correlation involving the constructs (Fornell-Larcker criterion).

The structural model was assessed by reporting the path coefficients and their significance levels. The
paths' significance was evaluated using p-values obtained by running a bootstrap analysis with 5000
subsamples to verify the stability of the results obtained (Hair Jr. et al., 2017). Mediation analysis was
also conducted to determine if the impact of personality traits on customer experience performance
was direct or mediated. We used the R-square (R?) value to determine the predictivity of our model. In
IS and marketing studies, R* values of 0.75, 0.50, or 0.25 are generally described as substantial,
moderate, or weak, respectively. However, consumer behavior studies targeting customer satisfaction

issues tend to accept R2 values of 0.20 as substantial (Hair Jr. et al., 2017).

4.3.FsQCA
Fuzzy-set Qualitative Comparative Analysis (FsSQCA) is a qualitative-quantitative method used to
analyze multiple cases that explain a given phenomenon in complex situations (Ragin, 2009). This
method has been applied to explore several configurations of factors that explain consumer behavior in
general (Fang et al., 2016; Pappas et al., 2016; Pappas et al., 2020) and customer experience during
online shopping in particular (Foroudi et al., 2016; Pappas et al., 2017; Pekovic & Rolland, 2020). The
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approach complements conventional quantitative methods which are incapable of revealing causal
complexity between variables, which is a crucial aspect of social science research (Ragin & Pennings,
2005). Thus, several times, it has been used to complement the findings of research models initially
analyzed using SEM (Fang et al., 2016; Xie & Tsai, 2020; Yueh et al., 2016). Combining these
approaches helps researchers overcome the overly simplistic nature of hypotheses tested using
regression methods and identify sufficiently new and unique findings regarding complex issues
analyzed (Russo & Confente, 2019; Woodside, 2014). Thus, this study uses fSQCA to explore the
mechanisms underlying consumer perceptions of high customer experience performance during voice
shopping which were not revealed using PLS-SEM. Specifically, we investigate the configurations of

personality, privacy, trust, and prior experience that lead to high customer experience performance.

To perform fsQCA, the interval scale variables were transformed into fuzzy sets. To do so, the
variables need to be calibrated to determine the configurations that would lead to high customer
experience performance. Calibration scores typically range from O (non-membership) to 1 (full
membership) and a crossover point of 0.5 representing maximum ambiguity regarding the membership
(Ragin, 2009). Using the fsQCA software for calibration, the recommended breakpoints for full
membership, non-membership, and crossover points are 0.95, 0.05, and 0.5 respectively for full-set
membership, full-set non-membership are 0.95 and 0.05 respectively (Ragin et al., 2008). To calibrate
the variables, summated measures were created by summing items measuring each construct (X. Hu et

al., 2016; Tho & Trang, 2015).

The calibrated fuzzy sets were analyzed using the truth table algorithm in fsSQCA software (Ragin et
al., 2008). This procedure involves creating a truth table based on the fuzzy data to select the
configurations to analyze, followed by specifying the causal conditions and outcomes to minimize.
Since this study has over 100 samples, only configurations with minimum frequencies of 3 were used
for analysis. Configurations selected in this study (consistency) captured at least 80% of the cases,
representing the extent to which a causal solution leads to an outcome (Ragin et al., 2008).
Combinations that meet this consistency threshold explain the outcome to be determined (high
customer experience performance). Solution consistency was used to measure the extent to all the
solutions implemented systematically lead high customer experience performance (Mikalef &
Krogstie, 2020). The empirical relevance of each solution was determined by calculating the raw,
unique, and solution coverage (Ragin, 2006, 2009). Raw coverage measures the proportion of
membership in the outcome explained by each term in the solution. Unique coverage measures the
proportion of memberships in the outcome explained solely by each solution term. Solution coverage
measures the proportion of memberships in the outcome that is explained by the complete solution

(Mikalef & Krogstie, 2020; Ragin et al., 2008).
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5. Results

5.1. Measurement model analysis
All the reliability and validity measurements met the threshold values. Cronbach’s alpha and
composite reliability values were above the threshold of 0.70. All item loadings were above the 0.7
thresholds except one and the item was dropped from the study. AVE values were also above the
threshold of 0.50. Thus, the items and construct reliability and validity measures were verified (Table
2).

Table 2. Construct definitions and results of the measurement model

Measures Item
loadings

Customer experience performance (0=0.945, CR=0.953, AVE=0.669)

The degree to which customers appreciate the physical and emotional experiences occurring
through their interactions with a product and/or service offering of a brand from point of first
direct, conscious contact, through the total journey to the post-consumption stage (Aldholay et al.,

2018; Laming & Mason, 2014).

My smart speaker helps me to accomplish my shopping tasks more quickly. 0.836
My smart speaker makes it easier to complete my shopping tasks. 0.796
My smart speaker helps me save money when it comes to shopping tasks. 0.801
My smart speaker improves my shopping performance. 0.875
My smart speaker enhances my shopping effectiveness. 0.867
My smart speaker helps me review and eliminate errors in my shopping tasks. 0.799
My smart speaker helps me to meet my future shopping target. 0.867
My smart speaker helps me acquire new shopping knowledge. 0.755
My smart speaker helps me acquire new shopping skills. 0.797
My smart speaker helps me to come up with innovative shopping ideas. 0.776

Privacy concerns (a=0.897, CR=0.936, AVE=0.830)
The fear an individual has about control over the use of personal information they share with
organizations (Bansal et al., 2016; Yun et al., 2019).

My financial/personal information will not be abused at all once submitted through my smart 0.926
speaker.

My financial/personal information will not be compromised at all once submitted through my 0.938
smart speaker.

My extent of concern regarding the misuse of my financial/personal information submitted 0.867
through my smart speaker is very low.

Trust (¢=0.937, CR=0.955, AVE=0.842)
The belief that one party will not take advantage of the relative weakness of the other but can rather
depend on them to fulfill their commitments (Gefen et al., 2003; Pavlou & Gefen, 2004).

I believe that my smart speaker company is honest 0.914
I believe that my smart speaker company is trustworthy 0.920
I believe that my smart speaker company is dependable 0.914
I believe that my smart speaker company is reliable 0.921

Prior experience (0=0.952, CR=0.969, AVE=0.912)
The knowledge users acquired from using smart speakers in the past (Bansal et al., 2016; Taylor &
Todd, 1995).

I have found my smart speaker very useful this far 0.947
I have benefited many times from using my smart speaker 0.966
I have had numerous positive encounters with my smart speaker 0.951

Personality traits

Personality characteristics that describe the relatively stable behavioral dispositions of people
(Bansal et al., 2016, Srivastava et al., 2015).

Extraversion (I...) (0=0.897, CR=0.923, AVE=0.705)
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Am the life of the party 0.802

Feel comfortable around people 0.856
Start conversations 0.851
Talk to many different people at parties 0.861
Don’t mind being the center of attention 0.827
Agreeableness (I...) (0=0.874, CR=0.910, AVE=0.718)

Sympathize with others’ feelings 0.801
Have a soft heart 0.846
Take time out for others 0.883
Feel others’ emotions 0.856
Emotional instability (1...) (0=0.930, CR=0.946, AVE=0.779)

Get stressed out easily 0.914
Am easily disturbed 0.820
Get upset easily 0.919
Change mood a lot 0.877
Get irritated easily 0.878
Conscientiousness (I...) (0=0.788, CR=0.876, AVE=0.701)

Am always prepared 0.794
Pay attention to details 0.733
Get chores done right away 0.840
Like order 0.812
Follow a schedule 0.794
Intellect (1I...) (0=0.724, CR=0.834, AVE=0.629)

Am quick to understand things 0.868
Spend time reflecting on things (dropped) 0.650
Am full of ideas 0.843

Legend: a=Cronbach’s alpha, CR=composite reliability, AVE=average variance extracted

The square root of each construct’s AVE is greater than its highest correlation with other constructs
thus establishing discriminant validity of the latent variables based on the Fornell-Larcker criterion
(Table 3). Also, discriminant validity is established since the HTMT pairs of latent variables are all
below the threshold of 0.85 (Table 4).
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Table 3. Discriminant validity (Fornell-Larcker criterion)?

Agreeableness Conscientiousness | Customer | Emotional Extraversion | Intellect | Prior Trust Privacy
experience | instability experience concern
Agreeableness 0.847
Conscientiousness 0.290 0.838
Customer experience 0.328 0.191 0.818
Emotional instability 0.001 -0.081 -0.126 0.882
Extraversion 0.267 0.198 0.149 -0.388 0.840
Intellect 0.376 0.402 0.169 -0.074 0.339 0.793
Prior experience 0.265 0.154 0.524 -0.029 0.102 0.160 0.955
Trust 0.315 0.247 0.382 -0.156 0.216 0.198 0.414 0.917
Privacy concern 0.082 0.077 0.326 -0.145 0.087 0.050 0411 0.496 0911
Table 4. Heterotrait-monotrait ratio of correlations (HTMT)
Agreeableness | Conscientiousness | Customer | Emotional Extraversion | Intellect Prior Trust Privacy concern
experience | instability experience
Agreeableness
Conscientiousness | 0.381
Customer 0.340 0.224
experience
Emotional 0.071 0.110 0.130
instability
Extraversion 0.288 0.236 0.162 0.419
Intellect 0.504 0.570 0.203 0.188 0.381
Prior experience 0.281 0.206 0.545 0.038 0.103 0.221
Trust 0.321 0.301 0.404 0.159 0.222 0.216 0.438
Privacy concern 0.087 0.107 0.350 0.148 0.100 0.081 0.444 0.540

2 Correlations and square root of AVE values on the diagonal.




5.2.Structural model

Figure 2 summarizes our structural model obtained from PLS analysis with the path coefficients, their

significance levels and the variance of the dependent variables explained by the model (R?).

Personality traits

Emotional 0142+ _ Pm'ac:y Co:xcems
- T =% R+<=0.031)
Instability ~20 ="
~%0ss - T
‘0(\‘) /\’ \,/ ////////
L\ R N P s // 0.383*%%+%
Agreeableness ’
A
Trust in Smart Customer
— Speaker Experience
Conscientiousness
Manufacturer Performance
[R*=0.372) (R?=0.310)
r
Extraversion 0.182+
Prior Experience
Intellect with Smart
Speakers

Figure 2. Results of the structural model. (p < 0.05 *. p <0.01 **, p < 0.001%%%)

Our model explains 31% of the variance in customer experience performance, 37% of the variance in
trust in the smart speaker company, and 3% of the variance in privacy concerns. To test the model fit,
we computed the standardized root mean square residual (SRMR) value, which is the difference
between the sample covariance matrix and the model covariance matrix. The acceptable cutoff SRMR
value for PLS path models is 0.08 (Henseler, Hubona, & Ray, 2016). Thus, the SRMR value of 0.055
obtained in this study means that the model fit criterion is met. Table 5 summarizes the hypotheses
tested and their significance. The hypotheses in bold indicate significant paths while the others

indicate non-significant paths.

Table 5. Hypotheses and their significance

Hypothesis Path Coefficients (p) p-values
H1 privacy concern -> Customer experience 0.065 0.372
H2 Trust -> Customer experience 0.174 0.014
H3 privacy concern -> Trust 0.383 0.000
H4 Prior experience -> Trust 0.182 0.013
HS Prior experience -> Customer experience 0.425 0.000
Hé6a Extraversion -> privacy concern 0.008 0.930
H7a Extraversion -> Trust 0.067 0.282
H6b Agreeableness -> privacy concern 0.069 0.339
H7b Agreeableness -> Trust 0.199 0.004
Heoc Emotional instability -> privacy concern -0.142 0.025
H7c Emotional instability -> Trust -0.085 0.201
H6d Conscientiousness -> privacy concern 0.045 0.548
H7d Conscientiousness -> Trust 0.125 0.048
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Hé6e Intellect -> privacy concern -0.008 0.927

H7e Intellect -> Trust 0.009 0.910

H1 was not validated, thus indicating that privacy concerns do not directly influence customer
experience performance during voice shopping with smart speakers. However, the validation of H2
indicates that trust in the smart speaker manufacturer influences customer experience performance
during voice shopping with smart speakers. Furthermore, H3 was validated indicating that the effect of
privacy concerns on customer experience performance during voice shopping with smart speakers is
mediated by the trust customers have in their smart speaker manufacturer. The validation of H4 and
HS5 confirms that prior experience with smart speakers influences the trust customers have in their
smart speaker manufacturers and also has a direct effect on the perceptions of customer experience

performance during voice shopping with smart speakers.

Regarding personality and trust, agreeableness is positively associated with trust (H7b). However,
only conscientiousness was positively associated with trust, as opposed to what was predicted by H7d.
No other personality trait had a significant effect on trust. Meanwhile, emotional instability had a
negative effect on privacy concerns (H6c). Extraversion and intellect have no significant effects on

either trust or privacy concerns.

5.3.Mediation analysis
Agreeableness has a direct significant effect on customer experience performance (f = 0.044; p =
0.048) and trust (B = 0.226; p = 0.000). It also has a total indirect effect on customer experience (f =
0.044; p = 0.048) and a specific indirect effect on customer experience (Agreeableness -> Trust ->
Customer experience; B = 0.035; p = 0.049). This indicates a complementary (partial mediation)
between agreeableness and customer experience performance. Conscientiousness was found to have a
direct significant effect on trust ( = 0.142; p = 0.034) only. In other words, there is an indirect-only
(full) mediation between conscientiousness and customer experience performance. Emotional
instability has a direct significant effect on both privacy concerns (B = -0.142; p = 0.025). and trust (§
= -0.140; p = 0.032). It also has a total indirect effect on trust (§ = -0.054; p = 0.032). This effect on
trust is mediated by privacy concerns (Emotional instability -> privacy concern -> Trust: § = -0.054; p
= 0.032). This indicates an indirect-only (full mediation) between conscientiousness and customer
experience performance. Privacy concerns has a total indirect effect on customer experience (f =
0.066; p = 0.026). Its effect on customer experience is shown to be mediated by trust (Privacy Concern
-> Trust -> Customer experience: B = 0.066; p = 0.026). This shows a complementary (partial)

mediation between privacy concerns and customer experience performance.
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5.4.Results of Fuzzy set analysis
Table 6 presents the coverage and consistency of the three combinations that sufficiently explain high
customer experience performance. The black circles indicate the variable's presence, the hollow circles

indicate its absence, and the blank cells indicate that the specific variable is not considered in the

solution.

Table 6. Main configurations for high customer experience performance

Configuration Solutions
1 2 3

Extraversion ° o
Agreeableness ° ° o
Conscientiousness ° ° °
Emotional instability 0 o
Intellect o [ ) (]
Privacy concerns 0 0
Trust ° °
Prior experience ° °
Consistency 0.930 0.968 0.958
Raw coverage 0.808 0.436 0.429
Unique coverage 0.390 0.018 0.011
Solution coverage 0.837
Solution consistency 0.914

Legend: The black circles = presence of the variable; hollow circles = absence of the variable; blank

= not considered in the solution.

The existence of multiple sufficient configurations for customer experience performance indicates
equifinality (Fiss, 2011). The findings indicate an overall solution coverage of 0.837 and an overall
solution consistency of 0.914. This shows that the three configurations cover a substantial proportion
of the outcome. Solution 1 demonstrates high levels of consistency (0.930) and explains a substantial
number of cases (coverage = 0.808), thus representing the best solution for high customer experience
performance. This means that the presence of agreeableness, conscientiousness, intellect, trust, and
prior smart speaker experience are key conditions for high customer experience performance. Solution
2 is also highly consistent (0.968) and has significant coverage (0.436). This means that the presence
of extraversion, agreeableness, conscientiousness, and intellect, and the absence of emotional
instability and privacy concerns would lead to high customer experience performance. Solution 3 also
shows very high consistency (0.958) and has significant coverage (0.429). This solution set is similar

to solution 2 besides the fact that the presence of trust substitutes the presence of prior experience.
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6. Discussion

The purpose of this paper was to explore how personality, trust, privacy concerns, and prior
experiences affect customer experience performance perceptions and the combinations of these factors
that lead to high customer experience performance. The results obtained from SEM-PLS and fsQCA
confirm the effects of each factor investigated on customer experience performance and identify the
configurations that lead to high customer experience performance. Overall, these findings are in line
with the existing literature in other online shopping contexts (Bansal et al., 2016; Seyedghorban et al.,
2016; Wang & Herrando, 2019; Webber et al., 2012). Surprisingly, privacy concerns had no direct
effect on customer experience performance (H1). This implies that in voice shopping contexts, privacy
concerns do not affect the total experience of the customer throughout the customer journey. These
findings are in line with recent research that shows that information privacy concerns have an almost
zero significance on the satisfaction of customers who use Al-based voice assistants (Brill et al.,
2019). This may be because exposure to privacy risks is needed to benefit from voice shopping
experiences. Therefore, consumers who engage in voice shopping inherently accept the privacy costs
associated with using voice shopping. Thus, consumers who use voice shopping services could have
already factored privacy concerns into their trust beliefs (H3). To them, trust includes trusting the
companies with the privacy of their data (Hossain & Dwivedi, 2014). This implies that privacy
concerns may significantly affect intention to use and actual use of voice shopping services rather than
customer experience performance. This is a plausible explanation because the results show that trust
mediates the relationship between privacy concerns and customer experience performance. Another
possibility is that younger generations (about 70% of the participants of this study) are less wary of
sharing their personal information online as they are accustomed to this practice (Piotrowicz &
Cuthbertson. 2014). Therefore, the desire to experience voice shopping and the convenience of this
shopping method largely outweighs their privacy concerns (Kelly et al., 2017; While et al., 2018). As
hypothesized, trust has a significant positive effect on customer experience performance (H2). Thus,
the belief that the smart speaker company is interested in and cares about the wellbeing of its users
will positively influence customer experience performance. Its mediating effect on privacy concerns
shows that customers trust that the smart speaker company will not allow their data to be misused,
allowing them to share their personal information comfortably. Furthermore, voice shopping is not
always the first encounter customers have with smart speakers. The results show that prior experience
with smart speakers positively affects consumer trust (H4) and customer experience performance (HS).
This implies that the trust and experiences acquired by the smart speaker user with other services

would be extended or used as the baseline to evaluate voice shopping experiences.

Regarding personalities, extraversion has no significant effect on trust or privacy (H6a and H7a). This
implies that this personality trait alone is not concerned about privacy or trust. While agreeableness

has no significant effect on privacy concerns (H6b), it has a significant positive effect on trust (H7b).
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This implies that although agreeable people are lenient, their strong moral values would make them
seek evidence of privacy measures taken to protect their data in order to build trust (Bansal et al.,
2016; McCarthy, Wood, & Holmes, 2017). They would be able to experience voice shopping only
after trust is established. Emotional instability has a significant effect on privacy concerns (H6c) but
no significant effect on trust (H7c). This shows that the hysterical nature of people with this
personality trait makes them very concerned about privacy irrespective of any trust efforts made by the
smart speaker company (Bansal et al., 2016; McCarthy et al., 2017). Meanwhile, conscientiousness
has no significant effect on privacy concerns (H6d) but a significant effect on trust (H7d). As
hypothesized, the rigorous nature of people with this personality trait would allow them to build trust
based on actions made by the company to better serve customers’ needs and to have trustworthy user
agreements. This personality also factors its privacy concerns into trust beliefs. Finally, intellect, just
like extraversion, has no significant effect on trust or privacy (H6e and H7e). This implies that this
personality trait alone is not concerned about privacy or trust (Bansal et al., 2016; McCarthy et al.,

2017).

Nevertheless, the fSQCA reveals three configurations that can lead to high customer experience
performance. Based on the value of its unique coverage, solution 1 it represents the largest proportion
of cases. This solution indicates that the presence of agreeableness, conscientiousness, and intellect
personality traits as well as the presence of trust and prior experience would lead to high customer
experience performance. This implies that a single individual with these three personality traits who
has prior experience with smart speakers and who trusts the smart speaker company will have high
customer experience performance. This solution validates the SEM results (H2-HS5, H7b, H7d) and
includes H7e. It confirms the possibility that privacy concerns have been factored into the trust beliefs
of voice shoppers. It also demonstrates the importance of the experience consumers have during their
initial contact with smart speakers before using voice shopping services. This is in line with recent
research showing that consumers discontinued the use of their voice assistants because they developed
negative beliefs related to its abilities and value in performing certain tasks (Trajkova & Martin-
Hammond, 2020). Thus, if voice shopping is not the first experience consumers have with smart
speakers, their initial contact can create biases before they get to use voice shopping services.
Therefore, this study shows that tailoring voice shopping services to the personality traits and prior
experiences of customers lead to greater customer experience performance compared to a “one-size-

fits-all” approach.

6.1. Implications for research

This study shows that personality differences affect individual perceptions of customer experience
performance during voice shopping. In an environment where personalization is central to customer
adoption and decision making (Gutierrez et al., 2019; Zhu et al., 2017; Zhu & Kanjanamekanant,

2020), we believe it is important to understand the personality-Al relationship as well as how it affects
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customer experience performance expectations. Voice shopping using smart speakers is a very new
context within which relatively few studies have been conducted. Yet, it is a shopping channel with
great potential for highly personalized services and requires customers to entrust a lot of personal
information to smart speaker companies and voice shopping service providers. Therefore, this study
could serve as a starting point for understanding his phenomenon in voice shopping contexts. While
the hype around voice assistants and voice shopping continues growing, the underlying factors that

make them so appealing for online shoppers remain largely unexplored, especially in IS research.

This study makes three main contributions to Al and personality research in IS. First, it identifies the
critical role of personality, trust, and privacy concerns during voice shopping and the combinations of
these factors that lead to high customer experience. More precisely, the findings show that a consumer
who possesses agreeableness, conscientiousness, and intellect personality traits is expected to have
high customer experience performance when combined with the presence of prior experience and
trust; the absence of both emotional instability and privacy concerns lead to high customer experience
performance; the presence of trust plays a key role in increasing customer experience performance.
This implies that consumer trust is not the only important factor regarding customer experience with
Al-based voice technologies used by firms to provide services to their customers (Klaus &
Zaichkowsky, 2020). Individual personality differences also play a critical role in modern-day online
shopping contexts (Choden et al., 2019; Kang & Johnson, 2015; Yoon & Occeiia, 2015). Therefore,
we contribute to the body of knowledge on the interplay between personality, privacy, and trust in e-
commerce environments (Masele & Matama, 2020; Yoon & Occefia, 2015), specifically in the voice

shopping environment.

Second, this study uses an innovative approach to explain customer experience performance and its
relationship with other dimensions within the complex voice shopping scenario. In e-commerce
contexts, scenarios are often complex and unique since consumers can easily switch from one e-
marketplace to another, especially with the availability of new shopping channels like voice assistants
(Russo & Confente, 2019). Thus, regression-based methods like PLS-SEM oversimplify the
relationship between variables in e-commerce contexts (Pappas et al., 2020; Ragin, 2006). This study
uses fSQCA to capture the most complex relationships between customer experience, privacy
concerns, trust, and prior experience. Thus, this study contributes to research by revealing specific
combinations of these factors that lead to high customer experience performance, thereby contributing
to theory development. Furthermore, this study complements other studies that have demonstrated the
relevance of combining SEM and fsQCA in explaining complex phenomena in social science research

(Fang et al., 2016; Xie & Tsai, 2020; Yueh et al., 2016).

Third, this study contributes to research seeking to explain consumer behavior differences when

shopping through smart devices and virtual assistants (Klaus & Zaichkowsky, 2020; Pillai et al., 2020;
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Tong et al., 2020). Thus, we contribute to calls for more research on the behaviors of consumers using
smart devices and virtual assistants for shopping. Our findings can be used to investigate similar
contexts like voice shopping using smartphones and even compare the differences in results.
Furthermore, customer experience has been identified as one of the key performance indicators of
customer service performance in firms that seek to gain competitive advantages by delivering superior
customer services (Lycett & Radwan, 2019; Scheidt & Chung, 2019). We contribute to research on
customer experience performance by using a scale different from customer satisfaction to capture
perceptions of overall customer experience (Lemon & Verhoef. 2016; Shin. 2017). This scale is more
encompassing and captures customer experience beyond mere satisfaction measured from an
emotional perspective. Specifically, we show that performance scales can contribute to understanding
the overall perceptions of customer experiences. Thus, researchers can further develop, adapt, and

assess the ability of other performance scales to better explain customer experience performance.

Fourth, we demonstrate not only TRA-privacy’s ability to support research in highly information-
sensitive contexts but also the importance of context during theory development and implementation
(Bansal et al.. 2016). By applying this theory in the context of voice shopping, we validate its
relevance and potential to support other studies geared towards personality, trust, and privacy in e-
commerce environments. Furthermore, more studies are needed to bring personality into the scenes of
IS research (Bansal et al., 2016; Matthews et al., 2020) as Al becomes more present in the lives of
consumers. Thus, this study contributes to personality research which is highly solicited to understand
individual differences and how they affect consumer adoption of Al (Dwivedi et al., 2019; Matthews

et al., 2020).

6.2. Implications for practice
Rapidly changing consumer needs have led to a growing interest in how businesses can stand out from
the competition by providing top-notch online omnichannel shopping services (Ameen et al., 2021;
Shi et al., 2020). This study provides useful implications for managers and practitioners seeking to
exploit the potential of voice shopping services for competitive advantage. As voice assistants become
increasingly popular (Steinhoff et al., 2019; Tong et al., 2020), firms need to meet rising customer
experience expectations by providing safer and more personalized customer services through such
channels (Russo & Confente, 2019). Our study contributes to ongoing discussions by showing that
understanding individual personality differences can enable businesses that provide voice shopping
services to generate insights that can help them provide more personalized and enhanced customer
experiences. We discuss five main implications of our study for practice. First, we highlight that
personality plays an important role in consumer-oriented Al services like voice shopping. Personality
affects privacy concerns and trust relationships of customers during voice shopping. Therefore, during
personalization efforts, managers need to develop and tailor their strategies to the personality of their

customers. More attention should be given to customers with agreeableness, emotional instability, and
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conscientiousness personality traits. Managers could use self-evaluation questions or gamification to
acquire information on personality from customers without making them feel invaded (Triantoro et al.,

2019).

Second, we enlighten managers on the key factors to consider during their efforts towards
personalizing voice shopping services. Managers need to understand the personality of their customers
who use voice shopping services because this could have significant impacts on their marketing and
sales strategies. Categorizing customers by personality when offering voice shopping services through
smart speakers implies meeting consumer expectations concerning seamless shopping experiences as
this will create better customer experiences. Businesses often associate positive customer experiences
with increased sales and improved customer loyalty and encourage making enhancing customer
experience part of business culture. Therefore, enhancing customer experience performance means
ensuring retention, referrals, cross-sales, and other behaviors that can yield tangible results in terms of

profitability (Collins-Taylor, 2016; Holmlund et al., 2020; Witell et al., 2020).

Third, we suggest that in the voice shopping context, organizations should include trust in the smart
speaker company and prior experience with smart speakers into their customer experience
performance toolkits, while taking into account customer personality. A recent marketing report based
on US companies (Moorman, 2019) shows a continuous rise of Al in marketing, especially for
personalization, consumer insights, and targeting decisions. Marketing leaders expect to prioritize
excellent customer services although they perceive their customer experience performance as low
compared to their competitors. This is mainly because of their limited ability to design, deliver, and
monitor the customer experience. Our study shows that measuring trust and prior experience with
using smart speakers could support the design, delivery, and monitoring of customer experience
performance. Customer (dis)confirmation of perceived performance influences customer satisfaction
and confidence in their expectations (Lin & Lekhawipat, 2016). Thus, if customers appreciate the
added value of the experience provided by voice shopping services, this could increase their levels of
advocacy and repurchase intentions as is the case with other shopping channels (Dowling et al., 2020).
Also, trust will make customers more comfortable with disclosing their personal information during
voice shopping, allowing them to fully appreciate the experience provided by the voice shopping
service. Therefore, the challenge is how to get consumers to the stage where they can strategically
control the information that they share through their smart speakers to reduce vulnerabilities. This
could include adding more features in the smart speaker’s app that the user could use to control and

monitor the use of personal data.

Fourth, understanding customers' personality traits could help marketers design and deliver more
personalized voice shopping services to their customers while considering its effects on their privacy

concerns and trust perceptions. Since customer experience is more affective in nature, its outcome can
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either make the customer a promoter or a detractor. We recommend that voice shopping service
providers should systematically measure customer experience performance after each purchase and
incentivize the consumers to participate in such evaluations if necessary. Instead of rating each
experience individually, managers could rather make consumers rate their actual experience compared
to the previous one and if possible, compared to their expectations. This will enable the managers to

take proactive actions towards planning continuous service improvements.

Fifth, our study also has implications for smart speaker manufacturers. Given the correlation between
service relevance, perceived ease of use and customer experience performance (Fairhurst, 2013;
Visinescu et al., 2015), smart speaker companies should make sure that all the services offered through
their platform are relevant and easy for the user to understand. Managers should expect personality to
influence variations in customer experience performance during voice shopping due to trust in the
smart speaker manufacturer. This can be used as a decision criterion for retail companies to choose the
smart speaker company for their voice shopping service. Retail organizations can also conduct a
simple survey to find out from their customers who own smart speakers which one they prefer and
why. Questions should focus on the trust relationships the customers have with their smart speaker

manufacturer and their current experiences with the smart speakers.

Furthermore, smart speaker manufacturers play a key role in building consumer trust and alleviating
privacy concerns regarding the use of smart speakers for voice shopping. No matter how impressive
voice shopping services are, customers need to trust the voice shopping service to deliver the expected
experience. If customers had a tough time interacting with the smart speaker in the past or has had a
bad privacy experience with smart speakers, they would not trust the voice shopping service to be any
different. If retail organizations notice that their customers prefer one smart speaker company over the
other, this will logically influence their partnership decisions. We showed that customers’ trust and
privacy concerns are tied to the smart speaker company. Therefore, it is equally important for these
companies to understand different personalities and learn how they can leverage this to build trust and
reduce privacy concerns. They could do this by analyzing data collected during interactions between
the speaker and its user and use this information to support arguments when negotiation deals with
third parties regarding voice shopping services. Smart speaker companies could also audit the quality
of services provided through their smart speakers because it could play a role in the image of the smart
speaker. If users notice that third parties provide bad services through a smart speaker, they may not be
able to tell the difference and assume it is the smart speaker manufacturer that is bad, thus reducing
their propensity to trust future services provided through the speaker. Therefore, the stakes are as high

for the smart speaker companies as they are for the voice shopping service providers.
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6.3. Limitations and future research
This study has some limitations which provide opportunities for future research. First, our data were
collected only from US-based participants for consistency. This limits generalizability because cultural
and environmental factors may influence trust and privacy concerns. For example, privacy-personality
relationships may be different in European countries due to the General Data Protection Regulation
(GDPR) which may make citizens feel more protected when sharing their data through voice shopping
devices. Therefore, further research could be conducted in other contexts like in Europe, Africa, and
Asia to determine if similar results are obtained. Second, our hypotheses were tested using self-
reported data from participants through a crowdsourcing platform. Although we put considerable
effort into screening participants and inciting them to respond as objectively as possible, we
acknowledge that there might still be biases in responses as we had no way to confirm that the
participants were actually US-based or that they had ever used a smart speaker for shopping as they
claimed. Thus, future research could have an experimental design where participants are invited to
actively take part in a voice shopping exercise before evaluating their experiences. Future research
should also consider a longitudinal approach to investigating customer experience with voice shopping
as consumer experiences might change as privacy concerns and trust beliefs might evolve with time.
Lastly, we did not restrict our respondents to any particular type of voice assistant, smart speaker,
product, or service purchased. Thus, future research should examine each of these aspects to provide a

deeper understanding of customer experience performance in voice shopping contexts.
7. Conclusions

This study explored how personality, trust, privacy concerns, and prior experience with smart speakers
affect customer experience performance and the combinations of these factors that lead to high
customer experience performance. It was highly motivated by the growing interest of business
scholars and practitioners in the adoption and use of Al in e-commerce environments. The study
reveals that the belief that the smart speaker company is interested in and cares about the wellbeing of
its users, especially regarding privacy, will strongly influence customer experience performance. This
trust and experience significantly depend on the experiences and trust beliefs developed due to past
experiences with smart speakers. Consumers with a high sense of curiosity and strong moral values
who perceive the smart speaker company’s efforts to protect the privacy of its customers and better
serve their needs will have high customer experience performance. This research contributes to
research by showing the relationships and combinations of factors that lead to high customer
experience performance in the voice shopping context. It also shows managers and practitioners how
to improve personalized voice shopping experiences. Hopefully, these contributions would incite
researchers to further explore how voice assistants could be used to enhance the shopping experiences

of consumers and help businesses provide better voice shopping services.
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