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Abstract

Purpose — This study aims to examine one crucial assumption in the explainable artificial intelligence (XAI)
literature, namely, that providing information with explanations of how an Al-based product works enhances
understandability and trust. The study also extends the view of explanations in the XAl literature by examining
the effects of another type of product information, product benefits and by including perceived product
performance as a downstream variable.

Design/methodology/approach — A between-subjects experiment (n =480) was used to manipulate pre-
purchase information about an Al-based product in terms of both explanations about how the product works
(absent vs present) and product benefits (absent vs present). Understandability, trust and perceived product
performance were the measured response variables.

Findings — Explanations in the XAI sense boost understandability and trust, but they do more than that: such
explanations also have a positive impact on perceived product performance (both directly and indirectly via
trust). Information about product benefits produced a similar pattern of effects on understandability, trust and
perceived product performance.

Research limitations/implications — One specific Al-based product was used as a stimulus in the present
study (an add-on option for cars to provide safety for car drivers). It should be seen as a sample from a
population of products to be used in situations in which there can be severe consequences for the user. Al,
however, is also used for products with a lower potential for severe consequences, and it is possible that
explanations of how they work would produce other reactions than those that were identified in the present
study.

Practical implications — The results imply that marketers of Al-based products should provide consumers
with explanations of how the product works and product benefit information.

Originality/value — This study offers novel extensions in relation to much existing research on XAI by
examining a consumer setting, information about product benefits, perceived product performance as an
overall assessment of the product subject to information and a pre-purchase situation.

Keywords Artificial intelligence (AI), Explainable AI (XAI), Explanations, Benefits,
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EIM 1. Introduction
60,13 Al-based products are expected to become more prevalent in a broad range of industries, and
such products are predicted to affect our work and everyday lives in profound ways (Blosser
and Weihrauch, 2024; Kelly et al., 2023; Rai, 2020). Indeed, such products can be expected
to shift agency and control from humans to technology (Glikson and Woolley, 2020). For
most people, however, it is difficult to understand how these products work, because many of
464 the algorithms are inscrutable (Ali et al., 2023; Glikson and Woolley, 2020; Laato et al.,
2022; Rai, 2020). This, in turn, can mitigate people’s usage of Al-based products (Dwivedi
et al., 2021; Rai, 2020). From the point of view of firms that are developing Al-based
products, then, algorithm inscrutability represents a potential threat to consumers’ adoption
of such products. Understanding how AI works is also needed from a societal point of view,
given that AT has the potential to change many aspects of human lives — both for us who are
around right now and for future generations (Dwivedi et al., 2021).

One way to come to terms with this is to explain how Al-based products work. This is
commonly referred to as explainable AT (XAI). Explainable AI provides visibility into how
an Al-based system makes decisions, predictions and how it executes its actions (Rai, 2020).
That is to say, XAl offers human-understandable justifications for procedures and output (Ali
et al., 2023; Shin, 2021). A main idea in the literature on XAI is that there will be an
increasing demand for transparency, and that explanations are an important means to
mitigate lack of transparency (Arrieta et al., 2020; Chazette and Schneider, 2020; de Graaf
and Malle, 2017; Hoffman et al., 2018; Knapic et al., 2021; Laato et al., 2022; Leichtmann
et al., 2023; Meske et al., 2022; Miller, 2019). There are also legal concerns in this area. For
example, the European Union states in its GDPR framework that users have a right to an
explanation concerning algorithm-created decisions based on personal information
(Hoffman et al., 2018; Knapic€ et al., 2021).

Given that explanations are offered about how an Al system works, several consequences
have been claimed. Two of them are particularly prevalent in the X AT literature: explanations
can enhance understandability (Chazette and Schneider, 2020; Leichtmann et al., 2023;
Meske et al., 2022; Shin, 2021; Wang et al., 2016) and trust (Ali et al., 2023; Chazette and
Schneider, 2020; Glikson and Woolley, 2020; Grewal et al., 2021; Knapic€ et al., 2021;
Leichtmann et al., 2023; Meske et al., 2022; Miller, 2019; Rai, 2020; Shin, 2021; Wang
et al., 2016; Yang et al., 2020). Indeed, Dazeley et al. (2021) view the aims of XAI in terms
of trust and understandability.

In empirical terms, however, and according to several authors (Cheng et al., 2019; Kenny
et al., 2021; Leichtmann et al., 2023; Shin, 2021), relatively few studies have been made of
the effectiveness of explanations in an XAI setting. Some of the existing studies have also
been criticized from a methodological point of view (Kenny et al., 2021). For example, and
with respect to both understandability and trust, some authors do not report which
measurement items they used, use single-item measures with unknown reliability and use a
mix of items reflecting different theoretical constructs, so that it is far from obvious what is
measured. Some existing studies also expose participants for each of several treatments in
experiments, use no control group for a no explanation condition and use a very small
number of participants for each treatment. It may be seen as a genteelism, then, when
Mueller et al. (2019) recommend that XAI researchers should be encouraged to include in
their research reports fuller details on their empirical and experimental methods.

In any event, while some studies in an XAT context indicate that explanations can enhance
understandability (Cheng et al., 2019; Shin, 2021) and trust (e.g. Shin, 2021; Suen and Hung,
2023; Yang et al., 2020; Wang et al., 2016; Wang and Benbasat, 2007), other studies show
that offering explanations has no impact on understandability (Kizilcec, 2016; Westphal
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et al., 2023) and no impact on trust (e.g. Cheng et al., 2019; Kenny et al., 2021; Westphal ~European Journal
et al., 2023). Some studies also show that offering explanations attenuates both of Marketing
understandability and trust (Leichtmann et al., 2023). In addition, it has been observed that

users’ need for explanations of intelligent interactive systems (Bunt et al., 2012) and Al-

based systems (Chazette and Schneider, 2020) is not always high. Given ambiguity

regarding the effects of explanations, a first purpose of the present study is to reexamine the

impact of product information comprising explanations about how an Al-based product 465
works on consumers’ understandability and trust. The end-user in the present study, then, is
the consumer — not programmers, Al developers and other specialists that have been
envisioned as users in much existing research on XAI (cf. Ali et al., 2023).

From a traditional marketing point of view, however, another type of information than
explanations of how a product works has been stressed for decades, namely, information
about what benefits a product provides. Benefits are the desirable consequences of using a
product (Gutman, 1982), such as “convenience” and “happiness”. They represent reasons
why people buy products and should be seen in contrast to the characteristics of the product
per se (i.e. its attributes). In other words, people receive benefits, whereas products have
attributes (Gutman, 1982). In the present study, we agree with Otnes et al. (2014) and Wu
et al. (1988), who argue that incorporating consumers’ benefit perceptions into preference
models should provide better predictive power. Indeed, an emphasis on benefits can be seen
as an alternative way of providing explanations in relation to the XAI literature; the XAI
view is focused on explanations of the internal parts of a product, while benefits can be seen
as explaining the potential consequences of using a product. A second purpose of the present
study, then, is to examine whether information about the benefits of an Al-based product can
influence consumers’ understandability and trust in the same or different ways than XAI-
based explanations.

Moreover, in contrast to many existing studies of the effects of explanations of Al
systems in which understandability and/or trust are final dependent variables, our third
purpose is to assess the impact of the two types of information about an Al-based product on
the perceived performance of a product (the latter, then, is our downstream variable). That is
to say, in the present study, understandability and trust are viewed as potential mediators (not
as final dependent variables). Perceived product performance was selected as a downstream
variable because it is one of the main antecedents to users’ acceptance of new technology
(Venkatesh et al., 2003).

It should also be noted that basically all existing attempts to empirically assess the effects
of explanations in the context of Al-based systems have been made in a setting in which
explanations are provided while a system is used (or as post hoc explanations after usage).
Typically, research along such lines means that the researcher — for the purpose of conducting
a study — creates a setting in which participants are asked to use a system, and it is during this
usage that participants are exposed to various types of explanations (e.g. explanation vs no
explanation if it is an experiment). Examples are Alam and Mueller (2021) and Schraagen
et al. (2020). This setting, however, is at odds with the marketing discipline’s
conceptualization of consumers’ decision-making activities as a process with several stages
(e.g. Batra and Keller, 2016). That is to say, particularly for products that users have to pay
for, potential users of new products are in a pre-purchase phase before usage starts, and the
outcomes of what happens in this phase determine if the potential user will become an actual
user. Many Al-based products are indeed costly to develop and are unlikely to be made
available free of charge, which calls on the firms that develop them to convince customers
that the products should be purchased. Given a need for explanations of how these products
work, we believe that this need arises already in the customers’ pre-purchase phase.
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EIM Therefore, our fourth purpose is to examine the effects of providing information comprising
60,13 explanations of how a product works (and providing information about benefits) in this
particular phase.

In our empirical assessment, we employed an experimental approach in which pre-
purchase information about an Al-based product was manipulated. The selected stimulus
product, an add-on option for cars with the purpose of enhancing safety in traffic, is of the

466 embedded AT type as opposed to Al with a visual representation — such as a robot or a virtual
agent (Glikson and Woolley, 2020). The information about this product was manipulated in
terms of both explanations about how the product works (absent vs present) and product
benefits (absent vs present).

The present study is intended to contribute to existing literature in four ways. First, the
user in the present study is the consumer, not a programmer or an Al developer as in the
typical XAI study (e.g. Ali et al., 2023). The main rationale behind our consumer focus is
that it is unlikely that the consumer reacts to explanations in the same way as the developer
and, in the case of Al-based products for consumers, that consumer reactions are likely to
determine the success of Al-based products in the marketplace more than developers’
reactions. Second, in addition to the effects of product information with explanations, the
present study examines the effects of product information also in terms of benefits. Including
the latter, we think, offers contributions in two ways. On the one hand, the XAI literature
typically ignores benefit information, which the marketing literature has stressed as
important for several decades (e.g. Gutman, 1982; Haley, 1968; Otnes et al., 2014). On the
other hand, despite the marketing literature’s long tradition of emphasizing benefits, there
have been relatively few attempts to examine the effects of benefit information in terms of
the approach in the present study (i.e. manipulating such information with respect to its
absence vs its presence). Third, in contrast to the typical XAlI study, in which the focus is on
the effects of explanations of how a product works on understandability and trust (e.g.
Chazette and Schneider, 2020; Leichtmann et al., 2023), the present study comprises
perceived product performance as a downstream variable. This is a contribution in the sense
that consumers’ evaluations of products represent a more proximate cause than
understandability and trust when it comes to their decisions to actually use (and pay for)
products. Fourth, the present study addresses the impact of product information in the pre-
purchase phase rather than in the usage phase. The motivation for our focus on the pre-
purchase phase may be intuitively obvious from a marketing point of view, in the sense that
the marketing literature typically acknowledges that consumers engage in various pre-
purchase activities before products are purchased and used. In the XAI literature, however,
the typical focus is on the user’s reactions to product information in the usage phase (e.g.
Cheng et al., 2019; Shin, 2021). Since it has been argued that information processing is
different in the pre-purchase phase compared to the usage phase (e.g. Hoch and Deighton,
1989; Hamilton and Thompson, 2007), we also believe that examinations of user reactions to
product information restricted to comprise only the usage phase will constrain the
development of theory about the effects of product information.

2. Theoretical framework and hypotheses

The foundation of the hypotheses in the present study is a theory about how commercial
messages influence receivers. The underlying assumptions are not frequently articulated in
the XATI literature, but they are prevalent in the marketing literature and particularly in
advertising effectiveness research based on hierarchy of effects models, as well as in research
making distinctions between indirect and direct experiences.
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A main premise is that reactions to a stimulus message, such as product information, European Journal
involve a response sequence in which each stage is causally related to the next (Barry and of Marketing
Howard, 1990; Eisend and Tarrahi, 2016; Kempf and Smith, 1998; Smith and Swinyard,

1982; Vakratsas and Ambler, 1999). Even in the complex contemporary marketplace, with

new media, shifting media patterns and divided consumer attention, it is acknowledged that

there are several steps that consumers go through before purchases are made (cf. Batra and

Keller, 2016). Often, the understanding of a message (Eisend and Tarrahi, 2016; Goodwin 467
and Etgar, 1980; Nantel and Sekhavat, 2008) and beliefs (in the present study, trust
represents a belief variable) about the product are parts of the response sequence (Homer,
2006; Mitchell and Olson, 1981; Mittal, 1990; Orth and De Marchi, 2007). A typical
application is also that in the downstream part of the response sequence, there is an overall
evaluation variable, such as the attitude toward a product or a brand, which has the capability
of influencing consumers’ purchasing behavior (Eisend and Tarrahi, 2016; Kempf and
Smith, 1998; Mitchell and Olson, 1981; Vakratsas and Ambler, 1999).

As indicated above, the specific communication context in the present study is pre-purchase
information about an Al-based product intended for consumers. One main reason why there is a
need for studying reactions in the pre-purchase phase is that consumers are likely to process
information differently in the pre-purchase phase compared to the usage phase. In existing
studies (outside the context of XAI), this is often conceptualized in terms of the consumer’s
indirect experience (e.g. reading a product description or seeing a product on display) versus
direct experience (e.g. trying or using a product). Examples of studies in which this distinction is
made are Daugherty et al. (2008), Hamilton and Thompson (2007), Mooy and Robben (2002)
and Smith and Swinyard (1982). Several differences have indeed been discussed and verified
empirically. An indirect experience produces less attention and is less easy to remember (Hoch
and Deighton, 1989; Kempf and Smith, 1998); it results in a more abstract representation of the
product (Hamilton and Thompson, 2007); it comprises lower involvement (Hoch and Deighton,
1989); and it can lead to less belief confidence, less trustworthiness and a lower level of message
acceptance (Daugherty et al., 2008; Hamilton and Thompson, 2007; Hoch and Deighton, 1989;
Smith and Swinyard, 1982). Ultimately, in relation to a direct experience, an indirect experience
can also result in lower evaluations of a product (Mooy and Robben, 2002). Hence, it is not
surprising that several authors view the product itself (given that it can be tested and thus can
generate a direct experience) as a decisive communication tool (Mooy and Robben, 2002).
Indeed, direct experience gained from a trial is seen as a vivid, cogent and salient learning
environment with a potentially powerful influence on evaluations of products and purchases
(Kempf and Smith, 1998). In the light of this, then, one would expect that an examination of
reactions in usage situations can exaggerate the effects of information about an Al product in
relation to an examination of a pre-purchase situation.

In the present study, we hypothesize that if pre-purchase information comprises an
explanation of how the product works, then it will enhance understandability compared to if no
such explanation is offered. This is a common assumption in the XAI literature (e.g. Chazette
and Schneider, 2020; Leichtmann et al., 2023; Meske et al., 2022; Shin, 2021). We also
hypothesize that information comprising explanations of how the product works enhances
trust, which represents another common assumption in the XAI literature (e.g. Chazette and
Schneider, 2020; Glikson and Woolley, 2020; Leichtmann et al., 2023). In contrast to the XAI
literature, however, we hypothesize that product information comprising benefits would
increase understandability and trust, too. Moreover, we hypothesize that understandability and
trust can enhance perceived product performance. The expected net result is that information
comprising explanations of how an Al-based product works and product benefits would boost
the receiver’s perceptions of product performance (see Figure 1).
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Figure 1. Overview of the theoretical framework
Source: Authors’ own work

2.1 Explanations, benefits and understandability

The goal of explanations in XAlI, it has been argued, is to answer questions such as “how
does it work?” and “why did it just do that?” (Hoffman et al., 2018). In the present study, our
main interest is in the specific type of explanations that have been labeled “how-
explanations;” such explanations inform a user about how a system works in terms of the
processes and procedures it is using for its decisions (Wang and Benbasat, 2007).

As already indicated, a common assumption in the literature on XAI is that explanations
along such lines would increase understandability in terms of the functioning of an Al-based
product. That is to say, given that an explanation provides information about a system’s
processes and decisions, one would expect an increased understanding of the system (cf.
Kraus et al., 2020). One general reason is that we humans have a strong need to understand
the world in terms of causes and effects (Keil, 2006), and if an explanation addresses why-
questions, which is a common way to view the core of what an explanation is (e.g.
Lombrozo, 2006; Keil, 2006), it would satisfy a fundamental need for understanding in
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causal terms. A more specific reason for an explanation—understanding link, in the case of European Journal
new products, appears to be related to the resolution of incongruity. That is to say, a new of Marketing
product would almost by definition exhibit some degree of misfit with existing schemas used

for sense-making (Rindova and Petkova, 2007), and an explanation can serve as a resolution

to this. In any event, exactly what is meant by understandability varies between authors, but

most of them conceptualize this in subjective terms. This is the case in the present study, too;

here, understandability refers to the extent to which the receiver of an explanation believes 469
that he or she understands the functioning of an Al-based product (Schoonderwoerd et al.,

2021). The following, then, is hypothesized for providing information about how an Al-

based product works:

HI1. Information about an AI product that comprises explanations of how the product
works enhances understandability.

However, information about a product can also comprise benefits in terms of the desirable
consequences of using a product (Gutman, 1982). In the marketing literature, the benefit
construct has been used in several ways. First, it has been acknowledged that benefits offer a
causal explanation of why people buy and use a specific product; the main idea is that
desirable consequences — not product characteristics per se — represent the main reason for
consumers’ buying and usage behaviors (Botschen et al., 1999; Gutman, 1982; Otnes et al.,
2014). Examples of specific benefits are “convenience,” “good for health,” “better economy”
and “whiter teeth” (Haley, 1968; Vriens and Ter Hofstede, 2000). The marketing literature
also stresses that such benefits can be seen as links to higher-level needs (e.g. “enjoyment”
and “warm relations with others”), which represent a main underlying reason why one
particular product is preferred (Gutman, 1982; Vriens and Ter Hofstede, 2000).

Second, many authors have suggested that benefits should be the basis for forming
segments of customers that can be subject to subsequent marketing activities. A main
argument is that the benefits that people are seeking in consuming a product are the basic
reason for the existence of true market segments, because it is the benefits sought that would
determine customers’ behavior (Botschen et al., 1999; Haley, 1968; Haley, 1984).

Third, explicit information in commercial messages about which benefits a product
provides can facilitate receivers’ information processing. This, then, means that marketing
communications can be used to make connections between a product and the achievement of
desirable consequences (Gutman, 1982; Otnes et al., 2014). It has been argued that this is
likely to be particularly useful for complex products (Vriens and Ter Hofstede, 2000) and for
creating attention to a message (Haley, 1984). In any event, benefit-stressing messages are
used frequently in firms’ marketing communications activities (e.g. in printed ads and on
websites). For products with AI content, one example is how Polestar describes the Polestar
3 SUV; it offers “safety” through technology that protects its occupants and prevents
collisions. A second example is Tesla Y, which offers “maximum versatility,” “flexible
storage” and “quick and easy loading and unloading”. The Super Cruise option for Cadillac
Escalade-V is an additional example; its hands-free vehicle operation provides the driver
with both “comfort” and “convenience”. Indeed, in Hengstler et al.’s (2016) study of firms
that develop and sell Al-related products, it is clear that communication about such products’
benefits is a common strategy.

The ways in which the benefit construct has been used in the marketing literature, and in
marketing practice, indicate that providing information about benefits can be seen as an
explanation, too — at least in the very general sense that an explanation comprises
information that serves the purpose of clarification. There is also a causal component in
providing benefit information, because such information typically involves (at least in an
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EIM implicit sense) statements of the “if-then” type. Indeed, a typical marketing way to use
60,13 arguments about benefits is to imply that if a product is used, then various benefits (e.g.
convenience and happiness) would materialize for the user. Similarly, on the receiving end, it
is likely that many, if not most, products and services are purchased because consumers infer
a causal relationship; they believe, for example, that deodorants can improve their social life
and that athletic shoes can enhance their performance (Folkes, 1988). Given that causal
470 reasoning is a part of explanations in general (Hoffman et al., 2018; Miller, 2019), providing
information about benefits can be seen as an explanation attempt in the sense that it addresses
causal aspects. Explanations of how a product works, in the XAI sense, and benefit
information, however, have different foci when it comes to outcomes (XAI explanations
focus on outcomes within a system, while benefit information focuses on outcomes for a
user). In any event, there are several information-processing reasons why benefit information
would increase the understanding of a product.
First, to make sense of a product in terms of its attributes can be challenging — particularly
if there are several attributes that are related to each other. If the attributes are grouped in a
limited number of higher-level benefit categories, however, the cognitive burden of the
sense-making task can be reduced (Wang et al., 2022). Second, the benefits stated by a
sender of a commercial message are typically positive, which makes such information
relatively easy to evaluate without much product knowledge (Graeff, 1997). Third, given that
consumers comprehend product information by inferring personally relevant meanings
(Graeff, 1997), stated benefits (e.g. “convenience” and “good for health”) can be expected to
be relatively easy to connect to what is self-relevant.
Given this, we expect that product information comprising benefits would boost
understandability in relation to a product, and thus, the following is hypothesized for
providing information about an Al-based product:

H2. Information about an AI product that comprises product benefits enhances
understandability.

2.2 Explanations, benefits and trust
Trust in relation to an Al-based system can be defined as the belief that the system will help
the individual to achieve his or her goals in a situation in which there is uncertainty and
vulnerability (Kelly et al., 2023; Kraus et al., 2020; Lee and See, 2004; Lee, 2018).
Typically, this belief comprises both confidence in the system (i.e. it is producing reliable and
accurate results) and a willingness to follow its recommendations (Lee and See, 2004; Yang
et al., 2020). This mirrors a general view of customer trust as confidence in an exchange
partner’s reliability and integrity, that the exchange partner is seen as consistent and
competent (Morgan and Hunt, 1994), and that this partner will perform actions with positive
outcomes for the customer (Anderson and Narus, 1990). The main source of an individual’s
trust in a system, a vendor or a product is most likely direct experience (Anderson and Weitz,
1989; Anderson and Narus, 1990; Dwyer et al., 1987; Lee and See, 2004; Swan and Nolan,
1985). In the case of an Al-based product, a high level of direct experience would be
represented by continuous use of the product over time, as well as frequent communications
with the vendor of the product. However, in the absence of direct experience, such as in a
pre-purchase phase, message-related variables can influence trust, too. More specifically, in
the present study, we hypothesize that both explanations about how a product works and its
benefits can enhance trust.

With respect to explanations about how a product works, they can comprise
characteristics that, in general, enhance trust. First, a sender of information who provides
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explanations is likely to be viewed as open and willing to share information, and these European Journal
characteristics can enhance trust (Lee and See, 2004). Second, when a sender provides of Marketing
explanations, it can enhance perceptions of the sender’s expertise and competence — and

these two characteristics are also key determinants for trust (Lee and See, 2004; Moorman

et al., 1993; Swan and Nolan, 1985). In addition, communication involving meaningful

information is a main precursor of trust (Anderson and Narus, 1990; Morgan and Hunt,

1994). Thus, given that an explanation increases perceived meaningfulness, this represents 471
another way in which explanations can enhance trust. And for autonomous, intelligent
systems, it has been argued that trust is enhanced if the user has accurate knowledge of the
system’s abilities (de Graaf and Malle, 2017). Therefore, if explanations comprise
information about such abilities, one would expect that trust is enhanced. Empirical evidence
for a positive explanation—trust association has been reported by Suen and Hung (2023).
Based on this, the following is hypothesized for providing information about an Al-based
product:

H3. Information about an AI product that comprises explanations of how the product
works enhances trust.

We hypothesize that providing information about benefits can enhance trust, too. One reason
is the presence of a goal component in trust; as noted above, trust in a system comprises the
belief that the system will help the individual to achieve his or her goals (Kraus et al., 2020;
Lee and See, 2004; Lee, 2018). Typically, this goal component is addressed by benefit
information, in the sense that benefits can be seen as means to achieve high-level needs with
a goal character (Gutman, 1982; Vriens and Ter Hofstede, 2000). Another reason is that
typical benefits (in commercial messages) are positively valenced and can thereby signal that
the provider of such benefits is concerned with the well-being of the receiver. And in trust-
related theory, such perceived concerns are either an antecedent to trust (Morgan and Hunt,
1994) or part of the trust construct per se (e.g. Anderson and Narus, 1990). Therefore, the
following is hypothesized for providing information about an Al-based product:

H4. Information about an Al product that comprises product benefits enhances trust.

2.3 Implications for perceived product performance

The downstream variable in our conceptual framework is the perceived performance of an
Al-based product. As already indicated, perceived product performance is one of the main
antecedents to user acceptance of technology in the widely used UTAUT model (Venkatesh
et al., 2003). It also represents a common downstream variable in the literature on the effects
of marketing communications (e.g. Sundar et al., 2020; Usrey et al., 2020), which basically
shares the same main assumption as the XAI literature: information about a product has
implications for the receiver’s view of the product. More specifically, perceived product
performance can have behavioral implications of interest for those who develop Al-based
products, namely, a positive impact on variables related to buying and using a product
(Mostafa and Kasamani, 2022; Usrey et al., 2020). Performance in an Al context has been
conceptualized as the degree of success of a system at effectively conducting the tasks for
which it is designed (Hoffman et al., 2018). In terms of empirical studies in an Al context, it
has been used as an effect variable by Shin (2021). It may be noted that perceived product
performance is essentially an evaluation (i.e. it can take on values on a bad-good
continuum).
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EIM First, we hypothesize that understandability can have a positive impact on perceived
60,13 product performance. One reason is that understanding is a main component of meaning in
life (Martela and Steger, 2016), which makes it likely that understanding would be a
positively charged state of mind for most people. Therefore, we expect that understanding
can produce a positive affective reaction (i.e. it can enhance both pleasure and arousal).
Then, in the next step, and according to the affect infusion model (Forgas, 1995), this
472 positive affective reaction can have a valence-congruent impact on evaluations. In other
words, the information processing is of this type: “If it makes me feel good, it must be good”
(Pham, 2004). Moreover, understandability in relation to a product can enhance processing
fluencys; that is to say, the speed, efficiency and accuracy of stimulus processing (Winkielman
et al., 2006). Processing fluency typically generates positive affect (Winkielman et al.,
2006), because high processing fluency is associated with successful recognition of a
stimulus, error-free processing and the availability of appropriate knowledge structures to
interpret the stimulus (Reber et al., 2004; Winkielman and Cacioppo, 2001). And, again
according to the affect infusion model, positive affect generated in this way can have a
valence-congruent impact on product evaluations. Indeed, high fluency is reliably associated
with more positive evaluations from observers of a stimulus; observers are likely to interpret
the positive affect elicited by a high level of fluency as their evaluative response to the
stimulus (Reber et al., 2004). Empirical evidence in support of an understandability-
evaluation association for Al systems has been reported by Liu et al. (2022). Similarly, in an
advertising setting, Goodwin and Etgar (1980) and Mick (1992) show that subjective ad
comprehension is positively associated with the attitude toward the ad. In the context of
information about an Al-based product that produces understandability, then, positive affect
generated by (self-perceived) understanding of the product can carry over and inform the
perceived performance of the product in a valence-congruent way. Hence, we hypothesize
the following:

H5. Understandability is positively associated with perceived product performance.

Second, we hypothesize that trust has a positive impact on perceived product performance.
One main reason is that trust is typically based on beliefs related to specific performance
aspects, such as accuracy, reliability, competence, expertise and quality (Dwyer et al., 1987;
Gounaris, 2005; Moorman et al., 1993; Mukherjee and Nath, 2007; Sichtmann, 2007; Swan
and Nolan, 1985; Wang and Benbasat, 2007), and such beliefs can be expected to be the basis
for on overall assessment of a product’s performance. Alternatively, trust is used for
inferences about specific performance aspects. When this happens, trust is an “information
surrogate” for less visible characteristics of an offer (Sichtmann, 2007). Moreover, it should
be recalled that there is a goal component in trust; in a product context, trust can be seen as
the belief that a product will help the individual to achieve his or her goals (Kelly et al., 2023;
Kraus et al., 2020; Lee and See, 2004; Lee, 2018). Assuming that beliefs that one’s goals will
be reached represent a positively charged state of mind, affect infusion in the same way as
mentioned above (Forgas, 1995) can be expected: the positive affect generated by goal
achievement colors the perceived performance of a product in a valence-congruent way.

In addition, trust is typically negatively associated with uncertainty (Morgan and Hunt,
1994) and perceived risk (Agag and El-Masry, 2017; Hengstler et al., 2016; Mukherjee and
Nath, 2007), and a product that is attributed with low levels of uncertainty and risk is likely to
be rewarded with higher performance perceptions.

Empirically, and for Al systems, Mostafa and Kasamani (2022) and Shin (2021) have
identified a positive association between trust and perceived performance, while Liu et al.
(2022) report a positive correlation between trust and the perceived value of the system (i.e.
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another type of evaluation). Indirect evidence for this association (given that perceived European Journal
product performance is positively correlated with product acceptance) is also provided by of Marketing
numerous studies with a TAM framework, in which trust is typically influencing the

acceptance of a new technology (Kelly et al., 2023). Therefore, the following is

hypothesized:

H6. Trust is positively associated with perceived product performance.

473

3. Research method

3.1 Research design, stimulus material and participants

A between-subjects experiment was employed to manipulate pre-purchase information about
an Al-based product with respect to explanations about how it works (absent vs present) and
the benefits it provides (absent vs present). This emphasis on presence versus absence in the
manipulations is the same as in some previous studies of the effects of explanations in the
XAl literature (Kenny et al., 2021; Leichtmann et al., 2023; Wang and Benbasat, 2007).

The specific stimulus product was an add-on option for cars, which we created for the
purpose of this study. The idea was that it should be seen as “adjacent possible” (i.e. it is only
a few steps away from what already exists). Using stimuli in an experiment that do not (yet)
exist in the real world outside the experiment may perhaps be questioned. Nevertheless, the
present study is influenced by a view stressing that it is less important how an experimental
setting mirrors the real world outside the experiment in concrete terms; it is more important
that the experimental setting has the same structural characteristics as settings existing
outside the experiment. This view means that the main purpose of an experiment (in
academic research) is not to create generalizations based on a specific stimulus in an
experiment (here: an add-on option). The main purpose of an experiment is to test
theoretically-based propositions; by definition, theory is general, and it is theory rather than
reactions to a specific object that is the basis for generalizations (Mook, 1983).

The add-on option was described as based on a rear mirror camera inside a car; it
continuously captures the driver’s emotional state by facial recognition software, and it uses
these data for decisions about informing the driver when he or she reaches critical emotional
levels. A second idea was that the stimulus product should reflect the type of automation that
is expected for many Al-based products. That is to say, it actively selects data, transforms
information and makes decisions (cf. Lee and See, 2004). A third idea was to broaden the
range of stimuli used in research on the effects of Al systems. Examples of stimuli employed
in previous research is a computer algorithm to make decisions for university admission
(Cheng et al., 2019), autogenerated news content (Shin, 2021), an asynchronous video
procedure for interviewing job applicants (Suen and Hung, 2023), a robot able to gather
intelligence in a foreign town (Wang et al., 2016) and a computer program that helps the user
in classifying leafs (Yang et al., 2020). The ambition was also to provide product information
similar to what firms do when they communicate with potential and existing customers
within their own Internet-based communication channels.

In our manipulations, all participants received the same baseline information about this
add-on option (see the Appendix). For the manipulation of explanations of how a product
works, and for the two presence-of-explanation-content conditions, an explanation part (see
the Appendix) was added to the baseline information. This part was not included in the two
absence-of-explanation-content conditions. It should be noted that there are several ways in
which information about an Al-based product can comprise explanations. In the present
study, one specific type of “how-explanations” (Wang and Benbasat, 2007) was chosen,
namely what Cheng et al. (2019) label a “black-box approach”. That is to say, this type of
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EIM explanation comprises information about how inputs relate to outputs without showing the
60,13 internal workings of the algorithms. For the manipulations of benefits, a benefit part (see the
Appendix) was added to the presence-of-benefit-content conditions. This part stressed that
the main benefit of the add-on option was to minimize the risk of traffic accidents and thus it
would keep the driver safe in a traffic environment. For the absence-of-benefit-content
conditions, this part was not added.
474 The participants were randomly allocated to one of the four versions of the product
information. They were instructed to read the information and to answer the subsequent
questions. We recruited the participants from Prolific, an online panel built for research
purposes (Palan and Schitter, 2018). Four hundred 84 participants completed the study.
However, four participants failed to respond correctly to the attention check item used in the
study, and they were removed. The attention check item was formulated as follows: “In this
study, you were asked questions about what?” followed by the response alternatives “An
add-on option for boats,” “An add-on option for cars” and “An add-on option for
computers”. The analysis was based on those that remained (n=480, My, = 38.37; 244
women, 235 men and 1 other; all were UK residents). Of these participants, 119 were
exposed to the no explanation-no benefit condition, 122 to the explanation-no benefit
condition, 117 to the no explanation—benefit condition, and 122 were exposed to the
explanation-benefit condition.

3.2 Measurements

Multi-item measures were used for all variables in the hypotheses. Each item was scored on a
10-point scale, and Cronbach’s alpha (CA), composite reliability (CR) and average variance
extracted (AVE) for the measures, computed with Smart PLS 4.0, are presented below. A
table with zero-order correlations is provided in the Appendix.

To assess the degree of the provided information’s perceived explanation content
regarding how the product works, the participants were given the following statements: “The
description of the add-on option made it clear how this option works,” “The description of
the add-on option provided information that explains the function of the option” and “The
description of the add-on option comprised facts about how it produces its output” (1 =Do
not agree at all, 10=Agree completely; CA=0.85, CR=0.86, AVE=0.77; M =7.48,
SD=1.76). The degree of perceived benefit content in the provided information was
measured with the statements “The description of the add-on option provided information
about the benefits of using it,” “The description of the add-on option made it clear why this
option would be helpful for car drivers,” “The description of the add-on option clearly
showed what the value would be for a driver who is using the option” and “The description of
the add-on option articulated the advantages of using the option” (1 =Do not agree at all,
10 = Agree completely; CA =0.94, CR=0.96, AVE =0.84; M = 6.99, SD = 2.23).

Self-reported understandability of an Al-based system has been assessed with single-item
measures in several studies (e.g. Cheng et al, 2019; Leichtmann et al., 2023;
Schoonderwoerd et al., 2021). In the present study, however, a multi-item approach was
used. The participants were asked the following four questions developed for the purpose of
this study: “To what extent was it easy or difficult to understand how this Al-based option
works?,” “To what extent was it difficult or easy to understand how this Al-based option
processes information?,” “To what extent was it easy or difficult to understand how this AI-
based option makes decision?” and “To what extent was it easy or difficult to understand how
this Al-based option produces its output?” (1 =Difficult, 10 =Easy; CA =0.93, CR=0.95,
AVE =0.82; M = 7.35, SD = 1.87). The difficult versus easy scale endpoints were used so that
the operationalization would be compatible with the classical literature on adoption of
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innovations in which understandability is often labeled complexity (defined as the degree to European Journal
which an innovation is easy or difficult to understand and use; Rogers, 1995). Similar items, of Marketing
based on the extent to which a message is easy or difficult to understand, have been used in

assessments of subjective comprehension of advertisements (e.g. Huhmann and

Mott-Stenerson, 2008; Mick, 1992; Nantel and Sekhavat, 2008).

Single-item measures of trust in algorithms and Al-based systems have been used, for
example, by Lee (2018), Leichtmann et al. (2023) and Schoonderwoerd et al. (2021). Again, 475
however, in the present study, a multi-item approach was chosen and items adopted from
Hoffman et al. (2018) and Sichtmann (2007) were used: “The output of the add-on option is
trustworthy,” “I am confident that this add-on option works well when it is used,” “I feel that
it would be safe to rely on this add-on option,” “This option appears to be able to produce
correct recommendations for users,” “I believe that this add-on option will result in positive
outcomes for the user” and “If I were driving a car with this add-on option, I would follow its
advice” (1=Do not agree at all, 10 = Agree completely; CA =0.95, CR=0.96, AVE =0.80;
M=5.14,SD=2.16).

Perceived product performance was measured with the question “What is your view of
the performance of the add-on option?,” which was followed by the items “Poor — Good,”
“Low performance level — High performance level,” “It delivers below expectations — It
delivers above expectations” and “Dissatisfying — Satisfying” (CA=0.95, CR=0.96,
AVE =0.87; M =5.76, SD=2.01). Similar items appear in a scale for product performance
evaluations used by Usrey et al. (2020) and in Black and Kramer’s (2009) scale for product
performance expectations. To assess the nomological validity of this measure, and assuming
that perceived product performance positively influences intentions to buy and use a product
(e.g. Block and Kramer, 2009; Sundar et al., 2020), an assessment of the willingness to use
the product was included. The participants were asked, “To what extent would you be willing
to use the add-on option while driving a car?” (1=Not at all, 10=Very much; M =3.71,
SD=2.79). Then, we computed the zero-order correlation between the perceived product
performance variable and the willingness-to-use variable. As the correlation was positive
and significant (r=0.67, p <0.01), it can be concluded that the performance measure
behaved as it was supposed to behave given one of its evidence-based consequences and thus
that it exhibits nomological validity.

4. Analysis and results

4.1 Manipulation check

We used a 2 (no explanation vs explanation) x 2 (no benefit vs benefit) ANOVA to assess the
effects of the explanation manipulation on perceptions about explanation content. This
resulted in a significant main effect for the explanation factor [F (1, 479)=23.64, p <0.01,
n? = 0.05]. The impact of the benefit factor was not significant [F (1, 479) = 3.70, p =0.06
n? = 0.0008]. The perceived level of explanation content was lower when an explanation was
not present (M = 7.08, SD = 1.93) compared to when an explanation was present (M = 7.85,
SD=1.49). Similarly, the same ANOVA was used to assess the effect of the benefit
manipulation on the perceived benefit content. This resulted in a significant main effect of the
benefit factor [F (1, 479)=87.85, p <0.01, n2 = 0.16]. The explanation factor was not
significant [F (1, 479) = 3.05, p =0.08, n* = 0.006]. The level of perceived benefit content
was lower in the conditions without benefits (M =6.12, SD=2.31) compared to the
conditions with benefit content (M =7.88, SD=1.76). The interaction effects in these
ANOVAs were not significant. It can be concluded, then, that both manipulations worked as
intended.

Downl oaded from http://ftp. nowublishers.conejnarticle-pdf/60/13/447/11580084/ ej m 10-2023- 0736en. pdf by guest on 25 May 2026



EIM 4.2 Testing the hypotheses
60,13 The hypotheses were tested with a structural equation modeling approach (we used
SmartPLS 4.0). The proposed model comprised the hypothesized associations HI-H6 (see
Figure 1). In the assessment of the proposed model, the perceived explanation content
variable and the perceived benefit content variable were used as independent variables. In
this proposed model, all item loadings were > 0.80. As for discriminant validity, SmartPLS
476 recommends using the heterotrait-monotrait ratio of correlations (HTMT) for the assessment
and 0.9 as a critical value (i.e. if the HTMT value is below 0.9, discriminant validity has been
established between two reflectively measured constructs). In our case, all HTMT values
were below 0.9 (see Table 1). Moreover, no critical levels of collinearity were at hand (all
VIFs were < 3). The explained variance (i.e. R?) in perceived product performance was 0.62.
The (standardized) path coefficients for HI—H6 are reported in Table 2, which reveals that
HI1-H6 were supported. In the subsequent parts, we examine these results more in detail with
respect to each of the two types of product information (i.e. explanations and benefits).

4.3 Explanations a source of influence

H1 (information comprising explanations of how a product works enhances
understandability) was supported, because there was significant positive association between
these two variables (b =0.68, p <0.01). This outcome confirms the view of authors who
argue that offering explanations of how an Al-based product works enhances
understandability (e.g. Chazette and Schneider, 2020; Leichtmann et al., 2023; Meske et al.,
2022). H3 (information comprising explanations about how a product works enhances trust)
was also supported (b=0.22, p <.01), and this mirrors the XAI assumptions about the
positive effects of such explanations on trust (e.g. Meske et al., 2022; Miller, 2019; Rai,
2020; Shin, 2021; Wang et al., 2016).

Table 1. Heterotrait-monotrait ratios (HTMT)

Variables Benefits Explanation Performance Trust
Benefits

Explanation 0.563

Performance 0.545 0.474

Trust 0.522 0.455 0.827

Understandability 0.466 0.815 0.447 0.481

Source(s): Authors’ own work

Table 2. Path coefficients for the H1—-H6 associations

Hypotheses b SE t f? p

H1. Explanation — Understandability 0.68 0.035 19.51 0.73 <0.01
H?2. Benefits — Understandability 0.09 0.041 2.26 0.01 0.024
H3. Explanation — Trust 0.22 0.045 4.79 0.05 <0.01
H4. Benefits — Trust 0.39 0.042 9.25 0.15 <0.01
Hb5. Understandability — Perceived performance 0.08 0.037 2.14 0.01 0.033
H6. Trust — Perceived performance 0.75 0.026 29.47 1.20 <0.01

Source(s): Authors’ own work

Downl oaded from http://ftp. nowublishers.conejnarticle-pdf/60/13/447/11580084/ ej m 10-2023- 0736en. pdf by guest on 25 May 2026



Each of those two effects of providing information comprising explanations (i.e. European Journal
understandability and trust) were hypothesized to influence perceived product performance, of Marketing
and these hypotheses were supported, too. That is to say, the association between
understandability and perceived product performance was positive and significant (b = 0.08,

p =0.03), which provides support for H5. Similarly, the association between trust and
perceived product performance was positive and significant (b =0.75, p <0.01); this
provides support for H6. 477

These outcomes suggest an extended causal role for providing explanations of how a
product works. More specifically, the supported H1 and H5 indicate that information
comprising explanations of how a product works has an indirect impact on perceived product
performance (via understandability), while the supported H3 and H6 indicate that
explanations of how a product works is indirectly influencing perceived product performance
(via trust). The outcomes, then, indicate the possibility of two routes of mediation:

(1) Explanation — Understandability — Product performance
(2) Explanation — Trust — Product performance

To assess this, the mediation analysis approach for structural equations modeling advocated
by Nitzl et al. (2016) and Sarstedt et al. (2020) was used. This analysis approach comprises
adding direct links to a proposed model to (a) control for the possibility that the impact of an
independent variable can be direct rather than mediated and, (b) if mediation is at hand, to be
able to assess the type of mediation. To examine the possibility of an indirect impact of
providing explanations of how a product works on perceived product performance, then, a
direct link between Explanation and Product performance was added to the proposed model
in Figure 1.

For the first causal chain (1), the mediation assessment revealed that providing
explanations did not have a significant indirect impact on product performance perceptions
via understandability (b=-0.001, t=0.19, p =0.85). For the second causal chain (2),
providing explanations had a significant indirect impact on product performance via trust
(b=0.16,t=4.73, p <0.01). Hence mediation was at hand with respect to trust. In addition,
the direct Explanation — Product performance association was significant (b = 0.13, t = 2.86,
p <0.01), so the type of mediation in chain (2) should be seen as complementary (Zhao et al.,
2010). Taken together, then, and with respect to the effects of providing explanations of how
an Al-based product works, the analysis revealed that explanations did more than just
enhancing understandability and trust; they also contributed positively to the perceived
performance of the product (both directly and indirectly via trust).

4.4 Benefits as a source of influence

Turning now to the other information type, product benefits, H2 (i.e. benefits enhance
understandability) was supported (b =0.09, p =0.03). In addition, benefits enhanced trust
(b=0.39, p <0.01), which means that H4 was supported.

Similar to above, the support for the hypotheses about the influence of understandability
and trust on perceived product performance (H5 and H6) suggests that providing information
about benefits could have an indirect influence on perceived product performance. More
specifically, and in analogy with the examination of the effects of information comprising
explanations of how a product works, two possible routes of mediation call for a further
examination:

(1) Benefits — Understandability — Product performance.
(2) Benefits — Trust — Product performance.
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EIM To assess these possibilities of mediation, we returned to the originally proposed model in
60,13 Figure 1 and added a direct link between benefits and perceived product performance. For
the causal chain (3), the mediation assessment including this direct link revealed that
providing benefit information did not have a significant indirect impact on perceived product
performance via understandability (b =0.003, t=0.82, p =0.41). This, then, indicates that
mediation was not at hand. For the causal chain (4), providing information about benefits had
478 a significant indirect impact on perceived product performance via trust (b =0.27, t = 8.94,
p <0.01). Thus, mediation could be supported for causal chain (4). The direct
Benefit—Product performance association was significant (b=0.16, t=4.06, p <0.01),
which indicates complementary mediation (Zhao et al., 2010) in the case of chain (4).

Hence, with respect to the effects of including information about the benefits an Al-based
product would produce for a user, the analysis indicates that benefit information contributed
not only to understandability and trust; it also contributed positively to perceptions of
product performance (both directly and indirectly via trust). It should be noted that the effects
of providing benefit information were similar to the effects of providing explanations. One
exception, however, is how these two types of information influenced understandability; in
our analysis, explanations had a relatively stronger effect (b = 0.68) than benefits (b = 0.09)
on understandability (cf. Table 2). This difference in strength was significant (Z=7.21,
p<0.01) according to the single sample test of associations between variables (p. 100) in
Kleinbaum et al. (1988).

5. Discussion

5.1 Summary of main findings

The main findings in the present study are that both pre-purchase information about how an
Al-based product works and information about its benefits enhance understandability and
trust and boost perceived product performance. The results also show that the positive impact
of these types of information on perceived product performance is both direct and indirect
(mediated by trust).

5.2 Contributions

The present study offers several contributions to the literatures on explanations and benefits.
With respect to explanations, and in general, they satisfy important needs for us humans, so it
is not surprising that many authors stress that Al-based systems should comprise
explanations of how such systems work. More specifically, several authors have argued that
explanations of how Al-based products work would increase understandability (e.g.
Chazette and Schneider, 2020; Leichtmann et al., 2023; Meske et al., 2022; Shin, 2021;
Wang et al., 2016). To date, however, only a limited number of empirical studies provide
evidence for this, such as Cheng et al. (2019), Shin (2021) and Stange and Kopp (2020). The
present study, then, contributes to the existing literature by showing additional evidence of an
explanation—understandability association. Similarly, many authors have argued that
providing explanations would enhance trust (Ali et al., 2023; Chazette and Schneider, 2020;
Glikson and Woolley, 2020; Leichtmann et al., 2023; Meske et al., 2022; Rai, 2020; Shin,
2021; Yang et al., 2020), which has been empirically supported by Shin (2021), Yang et al.
(2020) and Wang et al. (2016). The present study corroborates this and provides additional
evidence for an explanation—trust link.

More importantly, however, most of the literature in the area of explainable AI has
focused on the situation in which the AT system itself is the supplier of explanations while the
system is used. This is a natural and important focus, because one can foresee many usage
situations in which there is a need for Al systems to explain what they are doing while they
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are used. Before an Al-based product is actually used, however, there is a need to convince European Journal
potential users that they should use it (and, in many cases, persuade them that this usage is of Marketing
worth paying for). Thus, there is a need to provide explanations also in a pre-purchase phase,

and this is the situation that the present study has made attempts to address. As indicated

earlier, a main reason behind the need to examine reactions in a pre-purchase phase is that

consumers are likely to process information differently in this phase compared to when they

are actually using a product (Daugherty et al., 2008; Hamilton and Thompson, 2007; Mooy 479
and Robben, 2002; Smith and Swinyard, 1982). This potential for differences, however, has
to date not been acknowledged in the XAI literature. In the comprehensive literature review
by Ali et al. (2023), for example, there is no explicit recognition of a pre-purchase situation
versus a usage situation. In any event, our findings contribute to the existing literature by
showing effects of providing explanations in a pre-purchase phase.

In addition, the present study shows that explanations of how an Al-based product works
have a more extensive causal role than just influencing understandability and trust. That is to
say, the present study contributes to the existing literature on XAI by including perceived
product performance as a (downstream) evaluation variable. This should be seen in the light
of the typical XAI study, in which overall evaluations of provided explanations is sometimes
used as a dependent variable (e.g. Riveiro and Thill, 2021). The typical XAI study, however,
rarely includes overall evaluations of the product or system of the type that is common in
consumer-related research in marketing (e.g. customer satisfaction, perceived service
quality, the overall attitude toward a product and perceived product performance). One
argument for including such variables (in our case: perceived product performance) also in
XAI research is that it would encourage XAI researchers to examine research outside their
own specific field, which in turn is likely to stimulate the development of richer theories.

When it comes to information about product benefits, it should first be noted that such
information is typically neglected in the XAI literature, which is focused on information
about products per se. This represents a gap between the XAI literature and the marketing
literature; marketing authors have over the years argued that a main reason behind
customers’ purchases is that products provide them with benefits and, consequently, that
explicit pre-purchase information about product benefits is a useful communication approach
(e.g. Gutman, 1982; Haley, 1968; Otnes et al., 2014). Indeed, from a marketing point of view,
it may be argued that relatively few consumers are likely to be helped by explanations of how
AT works if they involve attempts to explain how AI actually works. That is to say, not
everyone would find it useful with explanations comprising notions of neural networks, deep
learning algorithms, posterior probabilities, feature vectors, lossless data compressors and
overfitting. Nevertheless, relatively few studies in marketing have examined the
effectiveness of providing explicit benefit information. One such study is Graeff (1997), who
found that benefit information about a product boosts the attitude toward the product.
Another study is Wu et al. (1988), showing that product benefit information predicts product
preferences better than product attribute information. These studies, however, did not include
mediators such as understandability and trust. The present study, then, contributes to the
literature on marketing communications by showing that the presence of information about
product benefits influences subsequent steps in the receiver’s information processing
activities — and that such information, ultimately, has a positive impact on perceptions of
product performance.

Moreover, in our study, the impact of benefit-comprising information was mediated by
trust (but not by understandability), which indicates that benefit information in a message
may influence beliefs about the sender’s concern for the receiver’s goals and well-being.
Thus, it may influence also other beliefs than those comprising how specific product
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EIM attributes are means to reach goals. If this is so, it seems as if the commonly used means-end
60,13 framework to handle the role of benefits (e.g. Botschen et al., 1999; Gutman, 1982) would
profit from taking also trust into account. Yet, it should be underlined that the present study
shows that communicating explanations of the type stressed in the XAI literature (how a
product works) indeed contributes to receivers’ reactions to product information. This, then,
suggests that a “benefit-only” approach may not be optimal — at least not for Al-based
480 products. In any event, in the context of new products, the finding that communicating
benefits can enhance perceptions of products should be seen in the light of a consistent
pattern in the literature on adoption of innovations: customer-perceived product advantages
can enhance adoption (e.g. Holak, 1988). However, the sources of perceived advantages
have rarely been studied, so the present study contributes to the general literature on adoption
of innovations by showing that providing benefit information in a product description is an
influential activity.

5.3 Implications for decision makers

Our results show that both product information with X AlI-based explanations (i.e. information
about how a product works) and information about a product’s benefits (i.e. consequences for
the user) had direct and positive effects on perceived product performance — and both types of
information had an indirect and positive impact on perceived product performance via trust.
For designers, programmers, marketers and managers who are involved in communicating
with customers about Al-based products in pre-purchase situations and who want customers
to have a positive view of the product’s performance, the main implication of the results from
the present study is this: such communications should comprise both explanations and
benefits.

Product information comprising explanations and benefits can be designed in many ways,
so it is advisable to pre-test various versions. If the communication takes place online, it
would be relatively easy to conduct such pre-testing in terms of randomized experiments
(Thomke, 2020). In addition, some existing Al-based products have generated a vast number
of users, such as ChatGPT and Google Translate, and the ways in which they provide
explanations and benefits may be used as a source of inspiration for execution decisions.

Moreover, in a very broad sense, both explanations and benefits may be seen as disclosure
activities. And disclosure, sometimes referred to as targeted transparency, has become
ubiquitous for many products (Loewenstein et al., 2014). From a legal point of view, and
with respect to Al-based products, it seems as if explanations rather than benefits would be
more likely to be subject to calls for mandatory disclosure (e.g. in the European Union;
Hoffman et al., 2018), so decision makers may need to be particularly mindful when it comes
to providing information that explains how Al-based products work.

The following aspect of our results should also be underlined: although both information
about how a product works and information about benefits significantly enhanced trust, the
two types of information content explained 27% of the variation in trust. Thus, more
activities can be undertaken to boost trust — and such activities indeed seem to make sense,
because trust had a relatively strong positive impact on perceived product performance in our
study. Decision makers who want to capitalize on the causal potency of trust in a pre-
purchase situation may therefore seek inspiration from general theory on trust-driving factors
beyond those that are related to providing information comprising explanations and benefits.
Given that a main source of trust is direct experience (Anderson and Weitz, 1989; Anderson
and Narus, 1990; Dwyer et al., 1987; Lee and See, 2004; Swan and Nolan, 1985), decision
makers should consider making it possible to test a product before it is purchased. Decision
makers should also consider offering testimonials from existing customers as a form of
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vicarious direct experience, because it has been shown that characteristics of users who make European Journal
endorsements in commercial messages regarding high technology products can boost trust of Marketing
(Lafferty and Goldsmith, 2004).

The present study has implications also for another type of decision maker, namely,
researchers — particularly those who examine the impact of product information on
consumers’ responses. More specifically, given the main finding (i.e. information about
explanations and benefits in a message about a product influences receivers’ evaluation of 481
the product), researchers need to be mindful about these two types of product information in
studies examining the effect of messages. This is especially relevant for experimental studies
in which researchers create product information stimuli. Thus, researchers need to be
mindful about the extent to which their manipulations comprise explanations of how a
product works and product benefits, because the presence of such information can create
confounding effects in research in which the focus is on the impact of other aspects of
information.

5.4 Limitations and suggestions for further research

In the present study, one specific Al-based product was used as stimulus (an add-on option
for cars to provide safety for car drivers). It should be seen as a sample from a population of
products to be used in situations in which there can be severe consequences for the user.
Examples of other such products are those that are used for medical diagnosis, recruitment,
autonomous vehicles (Blosser and Weihrauch, 2024; Meske et al., 2022) and for helping
judges make decisions about defendants (Cheng et al., 2019). Al, however, is used also for
products with a lower potential for severe consequences, and it is possible that explanations
of how they work would produce other reactions than those that we identified in the present
study. Presumably, if the consequences do not matter much, an explanation would become a
less potent causal variable. Therefore, further research is needed to examine the impact of
information comprising how a product works and benefits for other usage situations.

Moreover, the specific stimulus product was of the embedded AI type (Glikson and
Woolley, 2020) as opposed to Al-products with a visual representation (e.g. a chatbot and a
service robot). Clearly, if an Al-based product has a distinct physical form, this form can
contribute to consumers’ understanding. This has been realized repeatedly over the years for
other products. Thomas Edison, for example, deliberately created similarities between his
electric light bulb and the kerosene lamp in an attempt to facilitate understanding of the new
technology (Rindova and Petkova, 2007). Thus, further research is needed to examine the
extent to which explanations of Al-based products with a visual representation would
produce the same reaction patterns as in the present study.

It should also be noted that our manipulations were made in such a way that there was
more text in the conditions in which explanations and benefit information were present
versus absent. Given this, the mere volume of text may have influenced the results: it is
possible that more text per se can have a positive impact on the receiver’s reactions. The
opposite, however, is also possible (i.e. the longer the text, the more taxing it is to read it,
which can attenuate evaluations of what the text is about). We cannot test this with our data.
But we can turn to existing studies on the effects of copy length in commercial messages for
indications of how the length of a commercial message affects the receiver. The pattern in
such studies is that copy length does not produce a significant effect on brand attitudes (e.g.
Hanson, 2016). The same pattern is at hand in comparisons of the length of television
commercials (e.g. Percy and Rossiter, 1992; Singh and Cole, 1993). Only one study that we
have found points toward a potential advantage for longer copy; Soley (1986) show that
industrial ads with more words generated a higher “started-to-read” score for “industrial
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EIM prospects” than ads with fewer words (but there were no other dependent variables in that
60,13 study). In any event, research of this type typically concludes that other aspects of a message
than its length are more causally potent, so we believe that this is the case also for our
stimulus material.
In addition, what is meant by an explanation in an XAI context is subject to variation
between authors (Ali et al., 2023; Dazeley et al., 2021). The present study used “how-
482 explanations” in terms of what Cheng et al. (2019) label a “black-box approach;” this type of
explanation comprises information about how inputs relate to outputs without showing the
internal workings of the algorithms. However, several other types of explanations exist
(Dwivedi et al., 2021; de Graaf and Malle, 2017; Preece, 2018). Further research, then, is
needed to examine the effects of also other explanations than those that were examined in the
present study. An important task is also to examine such explanations in relation to views of
what an explanation is in the academic literature. An explanation in the latter sense, for
example, can be seen as arguments demonstrating how what is being explained follows
deductively from natural laws and empirical conditions (Lombrozo, 2006) or as “proofs in
logic” (Keil, 2006). Explanations of this type, however, are unlikely to be helpful for users
who want to understand either how a specific product works or what effects its usage has on
the user.

Experimental researchers should also be mindful about how to develop stimuli for a
condition with no explanations (and no benefits). If this condition becomes uninformative for
participants, there is a possibility that it becomes negatively charged due to lack of
information. And this could affect other variables negatively. In the present study, it can be
noted that our baseline condition, with no explanations and no benefits, generated the lowest
level of perceived product performance (M = 5.41, SD = 2.09) of all conditions. Yet, the level
was close to the scale midpoint rather than its highly negative endpoint.

Another aspect to consider is that our mediation analyses resulted in two (non-
hypothesized) significant direct associations; one between explanation content and perceived
product performance, and one between benefit content and perceived product performance.
This, then, indicates the possibility that other mediators (than understandability and trust) can
be involved. Further studies are needed to examine this. For the explanation content route of
influence, several potential mediators deserve attention. One possibility is that the influence
of explanation content on perceived product performance is based on a perceived supplier
effort factor: an explanation may signal effort from the firm, and such effort can be used as a
sign of product quality by the customer (Kirmani, 1990). Then, in the next step, quality
perceptions enhance perceived product performance. This possibility has been discussed by
Buell (2019), who argues that operational transparency (showing how something is
produced) can boost effort perceptions which, in the next step, can enhance perceptions of
value and quality. It is also possible that explanations of how an Al-based system works
would make a “machine heuristic” (Sundar and Kim, 2019) increasingly accessible to a
receiver, and thereby also increase the accessibility to positively charged beliefs about
machines (e.g. they are more objective, secure, precise and safe than humans), and this can
have a positive impact on perceived product performance.

Potential additional mediators exist also for the benefit route of influence on perceived
product performance. Presumably, a priming mechanism may be at hand (cf. Janiszewski
and Wyer, 2014). More specifically, benefits mentioned in product information are typically
positively charged (e.g. “safety” and “freedom”) and they can make accessible material in
cognitive categories with a positive charge, which in the next step carries over and informs a
receiver, in a valence-congruent way, about the performance of a product. Another
possibility is that claims about product benefits “become” product beliefs in the receiver’s
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mind. Indeed, in general, people have a tendency to believe what is claimed in a message, European Journal
because it is more convenient (and less costly from an information-processing point of view) of Marketing
to believe a claim than to question it (Gilbert, 1991; Gilbert et al., 1993). And given that the

receiver believes that a product offers a set of positively valued benefits, one would expect

that such beliefs can positively influence the receiver’s perceptions of product performance.

It is also possible that explicit information about (positively charged) benefits can signal that

the sender has good intentions vis-d-vis the receiver, which can boost the receiver’s view of 483
the sender’s warmth (cf. Fiske et al., 2007). Then, in the next step, warmth perceptions can
influence performance perceptions positively.

There is also a possibility that the associations identified in the present study may be
moderated. First, the present study comprised a pre-purchase situation, which may generate
different strength in associations between variables compared to a situation involving actual
use of a product (in which explanations can be offered in real time). Indeed, the mediators in
the present study may change roles in a usage situation as opposed to a pre-purchase
situation. Trust, for example, can evolve and change over time as usage occurs (Kraus et al.,
2020). Or, as stated by Hoffman et al. (2018), trust in an AI system will always be
exploratory and can be subject to variation over time. Second, people are likely to react
differently to explanations (and benefits) in an AI context depending on the level of their
prior Al knowledge (Preece, 2018). In addition, several authors have suggested that
individuals are subject to variation when it comes to their propensity for trust (Agag and El-
Masry, 2017; Hoff and Bashir, 2015; Swan and Nolan, 1985; Wang and Benbasat, 2007), and
such differences can influence the strength by which trust is affected by (and is affecting)
other variables. Further research, then, is needed to examine if the results in the present study
would be invariant or not in different situations (i.e. pre-purchase vs usage) and for
individuals with different levels of Al knowledge and propensity to trust.
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Appendix
The baseline product information.
Here comes a description of an Al-based add-on option for cars:

This is an add-on option that can be selected when you buy a new car. It comprises a video
camera attached to the rearview mirror inside a car. The camera is recording the driver while the car is
used. The videos are processed by a software that is able to detect emotions in a human face. It can
distinguish between seven emotions, and it calculates the intensity of each of these emotions 30 times
per second. By doing this, the software can identify the emotional state of the driver at any point in
time. The software is also collecting data about car behavior (location, speed, turning, what gear is
used etc.). Based on its assessment of the driver’s emotional state and car behavior, it alerts the driver
when critical emotion levels are reached. These alerts are voice messages (e.g. “Watch out, you are
now angry”) followed by recommendations (e.g. “Please slow down”).
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EIM The explanation part

60,1 3 This is how it works: the Al-based software has been trained with videos of thousands of drivers’
faces so that it has become highly accurate in detecting one specific driver’s emotional state. It has
also been trained with data from thousands of cars in traffic situations (e.g. the location of the car, the
speed of the car, when and how it brakes, turns, accelerates and what gears are used). Moreover, it has
learned to match human emotion data and car data so that it can find correlations between emotions

490 and traffic accidents. Each unit (camera and software) is connected to the Internet and transmits facial

data and car data from each car to a central database located at the car manufacturer’s Al department.
All data generated by the units are saved and stored and used for further training of the algorithms.

The benefit part

The idea is to make the driver aware of his or her emotional states so that traffic accidents can be
avoided. Thus, this add-on option is designed to boost the driver’s safety. So, for example, if the
software detects that the driver is angry, it informs the driver about this so that the driver can avoid the
type of aggressive driving that typically goes hand in hand with the emotional state of anger, which is
not a safe state. That is to say, many accidents occur because of angry drivers. As another example, it
can detect if the driver is in a highly happy state, which can mean that the driver fails to pay careful
attention to what goes on in a traffic environment.

Table A1. Means, SDs and zero-order correlations for the variables used in the testing of hypotheses

(n=480)

Variable M SD 1 2 3 4

1. Explanation content 7.48 1.76

2. Benefit content 6.99 2.23 0.50

3. Understandability 7.35 1.87 0.73 0.43

4. Trust 5.14 2.16 0.41 0.49 0.45

5. Perceived performance 5.76 2.01 0.43 0.51 0.42 0.73

Note(s): All correlations are significant (p <0.01)
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