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Firms are developing AI-enhanced products (e.g., robots) that can tackle environmental problems
through autonomous interactions with their surroundings (e.g., removing waste/pollutants, tracking
invasive species) and autonomous learning, which results in improved environmental performance
characteristics. Such autonomous environmental benefits of products differ from conventional, static
environmental benefits, which derive from pre-purchase processes and design decisions. However, the
literature still lacks knowledge of how to use such autonomous environmental benefits to attract new
customers. Therefore, drawing on signaling theory, this study examines the effect of these environmental
benefits on a consumer’s purchase intent and its variation across types of consumers, locations, and
products. Based on hierarchical linear modeling of 1635 consumer evaluations of AI-enhanced products,
this study finds that both static and autonomous perceived environmental benefits influence purchase
intent positively. The effect of autonomous environmental benefits is stronger for women than for men
and for products targeted at adults rather than children. The effect of static environmental benefits is
stronger for men than women, for products targeted at children rather than adults, for consumers with a
higher need for cognition, and in locations with a higher perceived environmental well-being.
© 2020 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license

(http://creativecommons.org/licenses/by/4.0/).
1. Introduction

An environmentally sustainable product contributes less to
environmental problems than a regular product. This difference
results from environmentally friendly characteristics of its mate-
rials, manufacturing processes, distribution processes, disposal/
recycling processes, or product functionality (e.g., low energy
consumption) (Ottman, 2011). Numerous studies report a positive
effect of the perceived environmental sustainability of a product on
a consumer’s intent to purchase the product (Choi and Ng, 2011;
Koller et al., 2011; Nyilasy et al., 2014). Owing to this effect, envi-
ronmental sustainability tends to increase the profitability of a firm,
despite frequently entailing higher costs (Fraj-Andr�es et al., 2009).
Therefore, many firms nowadays strive to enhance the environ-
mental sustainability of their products in order to reap marketing
benefits and increase their profitability (Herbas Torrico et al., 2018).

In recent years, the digital transformation of societal practices,
business models, and products has aroused the interest of
ier Ltd. This is an open access arti
practitioners, scholars, and the public. Engineers have developed
new digital technologies, such as artificial intelligence (AI), to
enhance the environmental sustainability of products. AI refers to
the intelligence displayed by advanced machines, as opposed to the
natural intelligence displayed by humans and animals (Poole et al.,
1998). It includes capabilities such as the autonomous under-
standing of the surroundings, learning from experience, decision-
making, implementation of decisions, and advanced communica-
tion with humans and other machines (Russell and Norvig, 2009).
AI may endow products with the ability to tackle environmental
problems through autonomous actions. For example, firms are
developing AI-enhanced robots that autonomously clean up houses
(e.g., floor, grills, lawns, carpets, air, kitchens, microwave, garbage
bins, showers, toilets, windows, roofs, pools, excrements of pets,
laundry, food recycling), neighborhoods, cities, ponds, lakes, and
rivers from garbage, pollutants, micro-plastics, and oil (Abrams,
2018; Chen, 2019; Community Research and Development
Information Service, 2013; Gerhardt, 2020; Gowan, 2017; Gray,
2019; Knobloch, 2020; Massachusetts Institute of Technology,
2010; Peters, 2019; Sorrel, 2009; Uçar et al., 2020). Other firms
are developing robots that monitor plant health and invasive
cle under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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species (e.g., snakes or fish) (CBS News, 2017; Polverino et al., 2019;
Rizk and Habib, 2018), robots and AI routines that enhance the
sustainability of agricultural processes and food production (Di
Vaio et al., 2020; Kaab et al., 2019; Nabavi-Pelesaraei et al., 2019;
Najafi et al., 2018), AI routines that automate environmental sus-
tainability assessments of products and countries (Carlson and
Sakao, 2020; Nilashi et al., 2019) and optimize energy consump-
tion and distribution (Ni�zeti�c et al., 2019; Nosratabadi et al., 2019),
and robotic vehicles that optimize routes and driving styles to
minimize their carbon dioxide (CO2) emissions (Alexander-Kearns
et al., 2016; Frank, 2018; Nosratabadi et al., 2019). The magnitude
of this new type of AI-enabled environmental sustainability would
depend on the post-purchase, autonomous learning of an AI-
enhanced product and its autonomous interactions with its local
surroundings, whereas conventional environmental performance
characteristics are determined by pre-purchase design and process
decisions, which cannot be changed after the purchase (Ottman,
2011). Thus, this study refers to this novel, AI-enabled type of
environmental sustainability as autonomous environmental bene-
fits of a product, whereas it refers to conventional environmental
sustainability as static environmental benefits of a product.

So far, no business-related research has examined the effects of
AI-enabled environmental sustainability on market actors. This
study aims to fill this gap in the literature and to identify ways for
firms to reap marketing benefits from the development of products
with AI-enabled environmental sustainability. Drawing on
signaling theory (Connelly et al., 2011; Spence, 2002), it extends the
literature by comparing the effects of static and autonomous
environmental benefits on a consumer’s intent to purchase an AI-
enabled product. Moreover, it examines how the effects of static
and autonomous environmental benefits vary across consumers,
consumer locations, and product types. Thesemoderatorsmay alter
the effectiveness of environmental benefits as signals of unob-
servable product characteristics that trigger purchase intent
(Herbas Torrico et al., 2018). This study tests the hypotheses with
hierarchical linear modeling of 1635 consumer evaluations of AI-
enhanced products.

2. Conceptual background

2.1. The mechanisms linking environmental sustainability and
purchase intent

After comparing different available products, consumers seek to
purchase the product with the highest perceived value, which is the
perceived gap between benefits obtained and sacrifices incurred
(Zeithaml, 1988). Firms aim to maximize the perceived value of
their products by increasing the level and number of benefits that a
product brings to a consumer’s life, by lowering the price, or by
both of these strategies (Babin and Harris, 2017). However, unlike
other product benefits, such as quality attributes, the environ-
mental sustainability of a product constitutes a benefit to nature
and society, rather than to an individual consumer (Ottman, 2011).
Consequently, environmental sustainability had long been consid-
ered irrelevant to consumer behavior. Yet, since the 1990s, con-
sumer research has identified positive effects of perceived
environmental sustainability, which may differ from actual envi-
ronmental sustainability (Sen et al., 2006), on consumer attitudes
and intentions toward products (Choi and Ng, 2011; Koller et al.,
2011; Martínez and Del Bosque, 2013; Nyilasy et al., 2014).

To explain such effects of perceived environmental sustain-
ability, scholars use multiple theories. Stakeholder theory high-
lights the use of sustainability by a firm to build goodwill with
stakeholders, such as customers, and is thus more appropriate for
examining the long-term relationship between a firm and its
2

customers (Herbas Torrico et al., 2018). By contrast, signaling the-
ory focuses on the use of sustainability to signal desirable unob-
servable characteristics of a product or firm to consumers and thus
also applies to first-time purchases of products (Connelly et al.,
2011; Spence, 2002). This study draws on signaling theory due to
its focus on novel, AI-based technology products, which most
customers have not purchased yet. First, the environmental sus-
tainability of a product signals that the firm offering the product
has ethically superior values. Consumers form positive attitudes
and intentions toward such products because they identify, and
thus wish to associate themselves, with these values and because
they seek to signal to other consumers that they also have these
ethically superior values, which may improve their social re-
lationships (Koller et al., 2011; Martínez and Del Bosque, 2013).
Second, environmental sustainability signals trustworthiness
(Martínez and Del Bosque, 2013). As not all quality characteristics of
a product can be observed before the purchase (e.g., long-term
reliability, detailed functionality), consumers draw upon this
signal of trustworthiness to make inferences regarding unobserv-
able quality characteristics, which translates into favorable atti-
tudes and intentions toward the product (Herbas Torrico et al.,
2018; Martínez and Del Bosque, 2013). Consequently, this present
study adopts signaling theory (Connelly et al., 2011; Spence, 2002)
to develop its hypotheses.

2.2. Artificial intelligence and environmental sustainability

In the field of engineering, several studies address the potential
for artificial intelligence (AI) to enhance the environmental sus-
tainability of products. Likewise, numerous firms are developing
products, where AI enhances the degree of environmental sus-
tainability. However, in the field of business, no research appears to
examine the effects of AI-based enhancements of environmental
sustainability onmarket players’ attitudes and behaviors. To extend
the literature, this study explores the effects of the AI-enhanced
environmental sustainability of a product on a consumer’s pur-
chase intent.

To contrast AI-enhanced and conventional types of environ-
mental sustainability and thus highlight the differences between
these two concepts, this study divides the different environmental
benefits of a product, which together comprise its overall envi-
ronmental sustainability, into two groups. First, it defines static
environmental benefits as the environmental benefits that result
from pre-purchase design, production, and distribution processes
of a product, which cannot be changed or undone after the pur-
chase. For instance, the CO2 emissions during the manufacturing of
a product, the choice of product materials, and the development of
energy-saving functionalities of a product cannot be undone after
selling the product to consumers. While a part of the post-purchase
environmental impact of a product depends on the extent of its
post-purchase use, the eco-friendly nature of technological features
(e.g., whether a car is energy-efficient or not) is determined in pre-
purchase development processes. Static environmental benefits
correspond to the traditional notion of environmental sustainabil-
ity, whose effect on consumer behavior is already known (Choi and
Ng, 2011; Koller et al., 2011; Martínez and Del Bosque, 2013; Nyilasy
et al., 2014). Second, this study defines autonomous environmental
benefits as the ability of an AI-enhanced product to autonomously
identify environmental problems, learn and find solutions, and
carry out self-determined actions to tackle these environmental
problems. While the extent of static environmental benefits is
determined by the pre-purchase design, production, and distribu-
tion of products, autonomous environmental benefits arise from
post-purchase autonomous interactions between an AI-enhanced
product and its environment, which include learning and
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decision-making. For instance, a household robot might autono-
mously clean up the house and its surroundings from dust, mold,
garbage, and pollutants with tools and devices it purchases and
picks up autonomously. Alternatively, it might analyze the con-
sumer’s eating habits, identify environmentally friendlier (e.g.,
organic) options, procure these items, and optimize the cooking
procedures to minimize their environmental footprint.

The literature on environmental marketing and business has not
yet addressed autonomous environmental benefits. Drawing on
signaling theory (Connelly et al., 2011; Spence, 2002), this study
extends the literature by exploring the effect of autonomous
environmental benefits on consumer behavior and by comparing it
with the effect of static environmental benefits. Moreover, it ex-
amines how these effects vary by the consumer’s gender, need for
cognition, location, and evaluated product type. According to
signaling theory (Connelly et al., 2011; Spence, 2002), the influence
of a signal (e.g., the environmental sustainability of a product)
depends on the receiver’s interpretation of the signal (i.e., the
consumer) and on the value of the signal in the receiver’s situation
(i.e., location, product context). Fig. 1 provides an overview of the
conceptual framework of this study.

3. Development of hypotheses

3.1. AI and non-AI types of environmental sustainability: effects on
product purchase intent

Drawing on signaling theory (Connelly et al., 2011; Spence,
2002), scholars argue that the perceived environmental sustain-
ability of a product affects purchase intent positively because it
serves as a signal of the trustworthiness and values of the firm
offering the product (Herbas Torrico et al., 2018). This signal en-
hances the consumer’s quality perception (Koller et al., 2011;
Martínez and Del Bosque, 2013), identification with the brand
(Martínez and Del Bosque, 2013), and desire to use the product as a
means of signaling own values to the social environment (Koller
et al., 2011). In turn, these mechanisms enhance the consumer’s
intent to purchase the product (Choi and Ng, 2011; Herbas Torrico
et al., 2018; Koller et al., 2011; Martínez and Del Bosque, 2013;
Nyilasy et al., 2014). While this argumentation concerns perceived
environmental sustainability in the traditional sense, which this
study refers to as perceived static environmental benefits, it may
equally apply to the perceived autonomous environmental benefits
of an AI-enhanced product. Once consumers perceive such benefits
before the purchase, they likely add them to the sum of environ-
mental benefits expected, which would amplify the signal of
environmental sustainability and the consumer’s resultant
Fig. 1. Conceptual framew
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response. Autonomous environmental benefits may be even more
influential than static ones because the consumer has a certain
authority over the autonomous (not predetermined and static)
behavior of an AI-enhanced product, whose actions can thus serve
as a stronger social signal of the consumer’s own values. For
example, when a consumer directs an AI-enhanced humanoid
household robot to clean up garbage and pollutants in the neigh-
borhood, the social environment is likely to interpret these actions
as a signal of the consumer’s own values.

H1a. Perceived static (non-AI) environmental benefits have a
positive effect on product purchase intent.

H1b. Perceived autonomous (AI-enabled) environmental benefits
have a positive effect on product purchase intent.

3.2. The effects of environmental sustainability types: differences by
consumer

According to signaling theory (Connelly et al., 2011; Spence,
2002), the influence of a signal, such as the environmental sus-
tainability of a product, depends on the receiver’s interpretation of
the signal. Since different consumers may differ in their interpre-
tation of the signal of environmental sustainability, the effects of
static and autonomous environmental benefits on purchase intent
may vary across consumers. Specifically, they may differ between
male and female consumers, whose different social roles affect
their susceptibility to signals of different unobserved characteris-
tics of a firm or product (Frank et al., 2014). They may also vary by
the consumer’s preference for effortful thinking as signals differ in
their degree of abstraction and may thus require different degrees
of effortful thinking to decode these signals.

Differences by gender. According to the literature, women are
more risk-averse than men and thus more sensitive to signals of
trustworthiness (Schwartz and Rubel, 2005), also in their pur-
chasing decisions (Frank et al., 2014). Moreover, gender roles cause
women to show a greater desire to signal to their social environ-
ment that they adhere to social rules, whereas men have more
freedom, or are even socially expected, to sometimes deviate from
social rules to show their audacity and braveness (Holmes, 2013).
Consequently, the literature reports greater effects of environ-
mental sustainability on consumer behavior for women than men
(Lee, 2009; Sudbury Riley et al., 2012; Wang et al., 2018), although
Mostafa (2007) reports the opposite tendency. This literature fo-
cuses only on perceived static (non-AI) environmental benefits.
However, the argumentation can be extended to perceived auton-
omous environmental benefits, which constitute a contribution to
society through the actions of an AI-enhanced product and thus
ork and hypotheses.
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also are a signal of trustworthiness and socially desirable values. In
particular, the gender difference in the consumer’s importance
attached to signaling one’s own values may be even stronger for
autonomous environmental benefits than for static ones because
the consumer’s authority over the (non-static) actions of an AI-
enhanced product makes it more likely that the social environ-
ment attributes these actions to the consumer’s own values. The
expectation of such social recognition would increase the con-
sumer’s motivation to purchase the product in order to signal one’s
own values to others (Koller et al., 2011).

H2a. The effect of perceived static environmental benefits on
product purchase intent is stronger for women than for men.

H2b. The effect of perceived autonomous environmental benefits
on product purchase intent is stronger for women than for men.

Differences by need for cognition. While perceived environmental
sustainability serves as a signal of values and trustworthiness
(Herbas Torrico et al., 2018; Koller et al., 2011; Martínez and Del
Bosque, 2013), the concept (e.g., the relationship between product
attributes and global warming) is abstract and difficult to under-
stand (Ottman, 2011; Vainio, 2019). Moreover, the environmental
footprint of production processes and product materials is difficult
to observe, and a solid understanding thus requires knowledge and
contemplation (Ottman, 2011; Sen et al., 2006). Therefore, deeper
thinking may lead consumers to a better understanding of the
relevance of static environmental benefits, which is necessary for
interpreting them as a signal of trustworthiness and values. In
psychology, a consumer’s tendency for deep thinking is captured by
the need for cognition, which reflects the preference for deep,
rather than simple and less effortful, thinking (Cacioppo et al.,
1984). Thus, this study posits that a higher need for cognition en-
hances the interpretation of static environmental benefits as a
signal of trustworthiness and values, and consequently strengthens
the effect of perceived static environmental benefits on purchase
intent. Among the limited research about such a mechanism, one
study supports such a mechanism in analyzing the effects of social
(not environmental) advertising (Yang, 2018), whereas another one
fails to support it in analyzing reasons for environmentally friendly
food choices (Vainio, 2019).

Contrary to the previous moderating effect, this study posits
that a consumer’s need for cognition weakens the effect of auton-
omous environmental benefits on purchase intent for two reasons.
First, autonomous environmental benefits originate not in the pre-
purchase phase, but in the use phase of an AI-enhanced product,
and are thus easy to observe and comprehend. Second, the primary
appeal of the autonomous environmental benefits of an AI-
enhanced product is that these actions are autonomous and
liberate the consumer from effortful thoughts and decisions. Thus,
autonomous environmental benefits may appeal more to con-
sumers with a low need for cognition, who wish to minimize
effortful thinking.

H3a. The effect of perceived static environmental benefits on
product purchase intent is stronger for consumers with a higher
need for cognition.

H3b. The effect of perceived autonomous environmental benefits
on product purchase intent is weaker for consumers with a higher
need for cognition.
3.3. The effects of environmental sustainability types: differences by
situational context

According to signaling theory (Connelly et al., 2011; Spence,
2002), the influence of a signal, such as the environmental
4

sustainability of a product, depends on its value in the receiver’s
situational context (i.e., location, product context). When con-
sumers interpret the environmental sustainability of a product as a
signal that is more valuable to their situation, they are more likely
to purchase the product.

Consumer location. Regarding the consumer’s location, the
literature reports differences in the effect of static environmental
benefits on consumer behavior between urban and rural locations
(Tanner et al., 2004) and between countries (Liobikien _e et al., 2016).
As an extension, this study explores how the effects of environ-
mental benefits vary by the perceived environmental well-being
(i.e., the perceived state of the local environment) at the con-
sumer’s location.

In a locationwith a lower perceived environmental well-being, a
consumer may interpret the environmental benefits of a product as
amore important signal because they offer a path for improving the
environmental well-being by purchasing the product. A lower
perceived environmental well-being in the consumer’s location
may thus strengthen the effect of environmental benefits on pur-
chase intent. Contrary to this value mechanism, a more polluted
environment may cause the consumer to get used to, and become
less sensitive to, environmental problems and their solutions (Hu
and Frank, 2019). This sensitivity mechanism would suggest that
a lower environmental well-being reduces the consumer’s sensi-
tivity to the signal of environmental benefits and thus weakens
their effect on purchase intent.

To resolve the balance between these two opposing effects, this
study highlights the locationwhere the environmental benefits of a
product materialize. Autonomous environmental benefits materi-
alize in the consumer’s location, where the AI-enhanced product
engages in autonomous actions that alleviate environmental
problems. These benefits are more valuable when the consumer’s
location suffers from more environmental problems that the AI-
enhance product can address. Consequently, this study posits that
the perceived autonomous environmental benefits of a product are
a more valuable signal in a location with a lower perceived envi-
ronmental well-being, where they exert a stronger effect on the
consumer’s intent to purchase the product. By contrast, static
environmental benefits originate in the pre-purchase design, pro-
duction, and distribution phases of a product (Ottman, 2011), which
mostly take place in a location different from the consumer’s local
community. These benefits are thus less valuable for improving a
low perceived environmental well-being in the consumer’s own
location. Consequently, in a location with a lower environmental
well-being, the mechanism of lower sensitivity to static environ-
mental benefits may outweigh the mechanism of a higher value of
static environmental benefits for improving the environment. Thus,
this study posits that perceived static environmental benefits have
a weaker effect on purchase intent in a location with a lower
perceived environmental well-being.

H4a. The effect of perceived static environmental benefits on
product purchase intent is stronger in a consumer location with a
higher environmental well-being.

H4b. The effect of perceived autonomous environmental benefits
on product purchase intent is weaker in a consumer locationwith a
higher environmental well-being.

Product type. While the environmental benefits of a product
serve as a signal of trustworthiness (Martínez and Del Bosque,
2013), the importance of this signal depends on how protective
the consumer is of the intended user of the product. Since humans
instinctively seek to protect children (Winston, 2011), adult con-
sumers likely attribute a greater importance to signals of trust-
worthiness when purchasing products for children. Thus, this study
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posits that the effect of static environmental benefits, as a signal of
trustworthiness, on purchase intent is stronger when adult con-
sumers purchase products targeted at children (e.g., toys), than
when they purchase products targeted at themselves or other
adults (e.g., cars). While this mechanism would also extend to
autonomous environmental benefits, consumers may interpret the
autonomous actions of an AI-enhanced product, which is amachine
lacking human empathy and childcare instincts, as a threat to
children (Wong, 2016). This may weaken the interpretation of
autonomous environmental benefits as a signal of trustworthiness
in adult consumers purchasing AI-enhanced products for children.
Hence, this study posits that the effect of autonomous environ-
mental benefits on purchase intent is weaker when adult con-
sumers purchase products targeted at children (e.g., toys) than
when they purchase products targeted at themselves or other
adults (e.g., cars).

H5a. The effect of perceived static environmental benefits on
purchase intent is stronger for products designed for use by chil-
dren than for products designed for an adult consumer’s own use.

H5b. The effect of perceived autonomous environmental benefits
on purchase intent is weaker for products designed for use by
children than for products designed for an adult consumer’s own
use.

4. Method

4.1. Measurement tool

To measure the variables and prepare for testing the hypotheses
about the causes of variation in purchase intent, a questionnaire
was developed for a survey of consumer attitudes toward AI-
enabled products that are sold on consumer markets and can
move when carrying out AI-based decisions. As types of AI-enabled
products, this study uses autonomous vehicles, robotic pets (for
child use as required for testing H5), robotic vacuum cleaners, and
humanoid household robots. This diversity ensures the ability to
generalize the results beyond specific product contexts. Moreover,
obtaining responses on multiple products from the same, rather
than separate, respondents prevents misinterpreting observed
attitudinal differences across products that actually result from
unobserved sample differences (Frank et al., 2014). Moreover, this
specific choice of products focuses on AI-enabled products that are
widely expected to play a role in the future and thus have a high
likelihood of predicting effects representative of the future. The
appendix lists the construct scales and their literature sources. It
also includes the scales of two control variables: product-related
expertise and product-related environmental expertise.

4.2. Data collection and sample

The data collection targeted China, where environmental sus-
tainability plays an important role in order to tackle the severe
environmental problems of the country (Xu and Lin, 2016). More-
over, since Chinese firms are at the forefront of AI development
(Allen, 2019), AI-enabled products are more widely available than
in other countries that suffer from similar environmental problems.
In addition, China exhibits large regional differences in its envi-
ronmental problems (Xu and Lin, 2016), which provides fertile
ground for testing the role of perceived environmental well-being
in the consumer’s location (H4). Consequently, the choice of
China may allow for a more reliable testing of the hypotheses than
would the choice of an alternative country with fewer and less
geographically diverse environmental problems and with a lower
understanding of AI-enhanced products in the population.
5

Data were collected across mainland China at firms, public in-
stitutions, public places, universities, and shopping malls via both
an offline survey and an online survey, which led to 44% of the
responses. Respondents received an incentive valued RMB 30 from
a famous e-commerce platform. After removing missing data, the
final sample includes 438 respondents, who provided 1635 evalu-
ations of the four AI-enhanced products. For the purpose of testing
the effects of consumer location (H4), the sample covers all regions
of mainland China except for Tibet, whose environment and pop-
ulation have particular features. The sample is distributed evenly
across men and women. It is slightly younger than the population,
which matches the greater likelihood of young consumer to pur-
chase modern technology products (Frank et al., 2015). Table 1
presents the correlations and descriptive statistics of the vari-
ables. These statistics reveal that the sample consists of consumers
with average expertise and purchase intentions, who may be
considered representative of regular consumers found in the
marketplace.

4.3. Data validity

Non-response bias. A comparison of early and late respondents
does not indicate any differences, making non-response bias un-
likely (Armstrong and Overton, 1977).

Common method variance (CMV). CMV may bias the conclusions
of statistical analysis. Lindell and Whitney (2001) provide an
established guideline for estimating the extent of CMV that is
considered stricter and more accurate than traditional approaches
such as Harman’s single factor test, which this study and most
others pass. They argue that the smallest correlation between
variables in a dataset can serve as an upper bound on CMV. This
smallest correlation is .07 in this study and .08 for the dependent
variable of purchase intent (see Table 1), which implies only a
limited extent of possible CMV. Moreover, as another established
approach to estimating the extent of CMV, this study includes the
marker variable of loneliness, which is theoretically unrelated to
the key variables in the study, as required by Lindell and Whitney
(2001). It is measured on a 3-item, 7-point Likert scale (Hughes
et al., 2004), which entails higher measurement reliability and ac-
curacy than a scale with fewer items and response points, and
fulfills the standard criteria of convergent and discriminant val-
idity: “I often feel that I lack companionship”/“I often feel left out”/
“I often feel isolated from others” (Cronbach’s a ¼ .83, average
variance extracted (AVE) ¼ .65 > all squared correlations). The
seven correlations between this marker variable and the other
reflective variables of the model range from �.01 and .05. Five of
them are between �.01 and .01, three are negative, four are posi-
tive, and six are non-significant. These small correlations and their
distribution around zero imply that this study does not appear to
suffer from CMV.

Convergent and discriminant validity. Table 1 shows that all
multi-item constructs fulfill the criteria of convergent and
discriminant validity (Hair et al., 2010): Cronbach’s a > .7, com-
posite reliability > .7, AVE > .5, and AVE > squared correlations with
other constructs. The second-order construct of static (non-AI)
environmental benefits is based on first-order constructs related to
the pre-use (a ¼ .95; AVE ¼ .79), use (a ¼ .98; AVE ¼ .89), and post-
use (a ¼ .95; AVE ¼ .83) phases of the product life cycle (see ap-
pendix). These first-order constructs also fulfill the criteria of
convergent and discriminant validity. In addition, the fit measures
of a confirmatory factor analysis fulfill the standard acceptance
criteria of c2/df < 5, CFI� .95, RMSEA� .07, and upper bound of 90%
RMSEA confidence interval � .1 (Hair et al., 2010): c2/df ¼ 2.94,
CFI ¼ .99, RMSEA ¼ .03, upper bound of 90% RMSEA confidence
interval ¼ .04.



Table 1
Correlations and descriptive statistics of constructs.

Variables

Correlations

1 2 3 4 5 6 7 8 9

Consumer
1 Female gender (1: female; 0: male)
2 Need for cognition -.21

Consumer location
3 Perceived environmental well-being -.06 .08

Product
4 Product-related expertise -.16 .14 .11
5 Product-related environmental expertise -.12 .15 .17 .50
6 Child use (1: for child use; 0: for own use) .00 -.01 -.01 -.14 -.12

Environmental sustainability
7 Static (non-AI) environmental benefits (2nd-order construct) -.06 .09 .08 .22 .38 -.13
8 Autonomous (AI-enabled) environmental benefits -.07 .12 .07 .17 .35 -.18 .55

Product adoption
9 Purchase intent -.14 .18 .08 .33 .40 -.20 .37 .38

Descriptive statistics
Mean .55 4.40 4.36 2.74 3.12 .24 3.90 3.93 3.48
Standard deviation .50 1.31 1.46 1.53 1.54 .43 1.29 1.57 1.87
Average variance extracted n/a .67 .85 .93 .92 n/a .63 .82 .92
Cronbach’s a n/a .82 .92 .96 .96 n/a .84 .95 .97

Notes: All correlations |r| � .05 are significant at p < .05 (two-sided). Descriptive statistics for mean score across non-standardized items.

B. Frank Journal of Cleaner Production 285 (2021) 125242
5. Results

5.1. Hypothesis tests

Model structure. Table 2 presents the results of the hypothesis
tests. To account for the nested data structure of consumer evalu-
ations of up to four product types, the hypotheses are tested using
hierarchical linear modeling (HLM) with product evaluations at
level 1 and consumers at level 2, whereas the alternative use of
regression analysis would not properly account for the nested
structure of the data. Product purchase intent serves at the
dependent variable. As control variables, the HLM model includes
the consumer’s gender (1: female; 0: male), need for cognition,
perceived environmental well-being in the consumer’s local com-
munity, self-assessment of product-related expertise, and self-
assessment of product-related environmental expertise. More-
over, it controls for whether the product type is primarily targeted
at children (1: for child use; 0: for own use), which is the case for
robotic pets, but not for the other product types. It also includes an
intercept and level-specific error terms. To test the hypotheses, the
HLM model further includes the consumer’s perception of static
(non-AI) environment benefits (H1a) and autonomous (AI-enabled)
benefits of the product (H1b). In addition, it includes two-way
interaction terms calculated by multiplying these consumer per-
ceptions by gender (H2), need for cognition (H3), perceived envi-
ronmental well-being (H4), and product type (H5) after
standardizing all variables. The model also includes an intercept
and level-specific error terms. According to the pseudo R2 values,
the model explains 23% of the variance in purchase intent across
product types for the same consumer and 43% of the variance in
purchase intent across different consumers. As in similar studies,
these values reflect that consumers’ purchasing decisions are based
not only on environmental sustainability, but also on other factors
such as product and service quality, price, and brand reputation
6

(Frank et al., 2014, 2015).
Main effects. The results indicate that purchase intent is higher

for women than men and for consumers with a high need for
cognition and a high product-related overall expertise and envi-
ronmental expertise. It is higher for product types targeted at adult
consumers, rather than at children (i.e., robotic pets). Both static
(non-AI) and autonomous (AI-enabled) perceived environmental
benefits have positive effects on purchase intent, which supports
the hypotheses H1a and H1b. The effect of autonomous environ-
mental benefits is slightly larger, in nominal terms, than the effect
of static environmental benefits.

Moderating effects. The effect of static environmental benefits on
purchase intent is larger for men than for women (H2a not sup-
ported), for consumers with a higher need for cognition (H3a
supported), for consumers who perceive the environmental well-
being in their local community as better (H4a supported), and for
products targeted at children, rather than at adult consumers (H5a
supported). By comparison, the effect of autonomous environ-
mental benefits on purchase intent is larger for women than for
men (H2b supported), and for products targeted at adult con-
sumers, rather than at children (H5b supported). The strength of
this effect does not vary by the need for cognition (H3b not sup-
ported) and the perceived environmental well-being (H4b not
supported). Fig. 2 visualizes the moderating effects. In line with the
use of standardized variables in the analysis of Table 2, Fig. 2 uses
standard deviations from the mean as axis units and designates ± 1
standard deviation as high/low values of continuous moderating
variables. The alternative use of a stronger departure from the
mean for high/low values of moderators causes a proportionally
stronger variation in the slopes depicted in Fig. 2.

5.2. Robustness tests and additional analyses

Quadratic terms. When adding quadratic terms of all continuous



Table 2
Effects of perceived environmental benefits on product purchase intent.

Independent variables b

Intercept -.015

Consumer:
Female gender (1: female; 0: male) -.061*
Need for cognition .096***

Consumer location:
Perceived environmental well-being -.002

Product:
Product-related expertise .135***
Product-related environmental expertise .162***
Child use (1: for child use; 0: for own use) -.111***

Perceived environmental sustainability of product:
Static (non-AI) environmental benefits (H1a: þ) .152***
Autonomous (AI-enabled) environmental benefits (H1b: þ) .183***

The effects of environmental sustainability: differences by consumer
Female gender � Static environmental benefits (H2a: þ) -.089***
Female gender � Autonomous environmental benefits (H2b: þ) .063**
Need for cognition � Static environmental benefits (H3a: þ) .059*
Need for cognition � Autonomous environmental benefits (H3b: e) -.018

The effects of environmental sustainability: differences by consumer location
Perceived environmental well-being � Static environmental benefits (H4a: þ) .068**
Perceived environmental well-being � Autonomous environmental benefits (H4b: e) -.009

The effects of environmental sustainability: differences by product
Child use � Static environmental benefits (H5a: þ) .044*
Child use � Autonomous environmental benefits (H5b: e) -.050*

Fit statistics:
HLM pseudo R2 (level 1: product evaluation) .225
HLM pseudo R2 (level 2: consumer) .428
Sample size 1635

Notes: *p < .05; **p < .01; ***p < .001 (two-sided p-values). Hierarchical linear modeling (HLM). Effects of
standardized variables and their interactions.
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variables to the analysis, none of these quadratic terms is signifi-
cant, and all hypothesis tests lead to identical conclusions.

Static environmental benefits: one first-order construct. When
operationalizing static environmental benefits not as a second-
order construct based on first-order sub-dimensions, but as
merely one first-order construct (a ¼ .96; AVE ¼ .65), then all
conclusions related to the hypothesis tests remain identical. At the
same time, the confirmatory factor analysis indicates much better
fit for a second-order construct.

All constructs formative. When operationalizing all multi-item
measures not as reflective constructs (i.e., factors), but as forma-
tive constructs (i.e., indices) calculated as an average of their
measurement items, then all hypothesis tests lead to identical
conclusions.

Sub-dimensions of static environmental benefits. An additional
analysis replaced the second-order construct of static environ-
mental benefits by its sub-dimensions of static environmental
benefits in the pre-use, use, and post-use phases of the product life
cycle. The results indicate that the observed gender difference in
the effect of static environmental benefits (H2a) relates to envi-
ronmental benefits in the use (e.g., low energy consumption and
CO2 emissions while using the product) and post-use (e.g., recy-
cling) phases of the product life cycle. Moreover, the moderating
effects of need for cognition (H3a) and perceived environmental
well-being (H4a) on the effect of static environmental benefits both
relate to the pre-use phase (i.e., manufacturing and distribution).
Finally, the observed product differences in the effect of static
7

environmental benefits (H5a) relate to environmental benefits in
the use phase.

6. Discussion

6.1. Short summary

This study explores the ability of AI to increase both the
perceived environmental sustainability of a product and, conse-
quently, a consumer’s intention to purchase this product. To this
end, this study compares the effects of autonomous (AI-enabled)
and static (conventional) perceived environmental benefits of a
product on purchase intent and examines the variation of these
effects by type of consumer, location, and product. It finds that both
static and autonomous perceived environmental benefits affect
purchase intent positively (H1a/H1b supported). The effect of
perceived autonomous environmental benefits is stronger for
women than for men (H2b supported) and for products targeted at
adults rather than at children (H5b supported). However, it does
not vary by the consumer’s need for cognition and by the perceived
well-being of the environment in the consumer’s location (H3b,
H4b not supported). The effect of static environmental benefits is
stronger for men than for women (contrary to H2a), for products
targeted at children rather than at adults (H5a supported), for
consumers with a higher need for cognition (H3a supported), and
in locations with a higher perceived environmental well-being
(H4a supported).



Fig. 2. Visualization of moderating effects. Notes: Axis unit: standard deviations from mean. Moderator unit for high/low in the case of continuous variables: ±1 standard deviation
from mean.
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6.2. Theoretical implications

This study makes several contributions to theory. First, it ex-
tends signaling theory (Connelly et al., 2011), as a theoretical lens
for explaining the effects of conventional environmental sustain-
ability (Herbas Torrico et al., 2018), into the new age of AI-enabled
environmental sustainability. It demonstrates that the integration
of AI into products can boost the level of perceived environmental
sustainability and, thus, its effectiveness as a signal that triggers
purchase intentions. Hence, AI can benefit nature and marketers
alike. AI-enabled, autonomous environmental benefits appear to
have an even stronger effect on purchase intent than do conven-
tional, static environmental benefits. The marketing benefits of
static environmental benefits are limited by their abstract nature
and by the difficulty for consumers to observe them during design,
manufacturing, and distribution processes in the pre-purchase
phase of a product (Ottman, 2011). These characteristics atten-
uate the effectiveness of static environmental benefits as a signal of
trustworthiness and values. Hence, static environmental benefits
have a strong effect only on consumers with a high need for
cognition, whose deeper thinking helps them to comprehend the
abstract and unobservable environmental characteristics of a
product. By contrast, autonomous environmental benefits in the
form of autonomous actions that an AI-enhanced product (e.g.,
robot) carries out in front of the consumer’s eyes are easy to
observe and thus effective as a signal, which boosts their influence
on consumer intentions. This also ensures that a broader set of
consumers, including those with a low need for cognition, can
understand these benefits and respond to them by forming pur-
chase intentions.

Second, several studies find a greater effect of perceived static
environmental benefits on female consumers than on male con-
sumers (Lee, 2009; Sudbury Riley et al., 2012; Wang et al., 2018).
The present study confirms such a tendency only for perceived
8

autonomous environmental benefits. By contrast, it finds the
opposite tendency of a greater effect of static environmental ben-
efits for men than for women, which corresponds to the results
obtained by Mostafa (2007). This might be caused by men’s greater
interest in, and knowledge of, technology products (Frank et al.,
2015), which may translate into a deeper comprehension of the
abstract, unobservable static environmental benefits of a product
and thus into a stronger signaling mechanism, whose strength
depends on the extent of knowledge held (Sen et al., 2006).

Third, this study is the first to explore how perceived environ-
mental well-being in the consumer’s location moderates the
signaling effect of perceived environmental sustainability that
triggers purchase intentions. Similar to recent findings by Hu and
Frank (2019) for non-AI settings, it finds a positive moderating ef-
fect on the effect of perceived static environmental benefits.
However, it does not find such a moderating effect on the effect of
perceived autonomous environmental benefits. Environmental
pollution may decrease a consumer’s sensitivity to abstract, un-
observable environmental benefits as a signal of values and trust-
worthiness, whereas it does not appear to decrease the consumer’s
sensitivity to environmental actions that take place in front of the
consumer’s eyes (i.e., autonomous environmental benefits). In
studying similar moderating effects of the perceived well-being of
the global, not local, environment, Dagher and Itani (2014) find a
negative moderating effect of perceived static environmental
benefits, whereas Lee (2009) reports a positive moderating effect,
but only for female adolescents. In light of such limited evidence,
the present study lends credence to a positive effect, irrespective of
gender.

Fourth, this study is the first to compare the effects of perceived
environmental benefits of products targeted at adult consumers
with those of products targeted at children, for whom adults pur-
chase such products. Since adults tend to be protective of children,
they value signals of trustworthiness more in caring for their
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children (Winston, 2011). Consequently, this study finds that
perceived static environmental benefits are more influential for
products targeted at children. By contrast, perceived autonomous
environmental benefits are less influential for products targeted at
children than for those targeted at adults. This is likely because
consumers consider the autonomous actions of an AI-enhanced
product lacking human empathy as a safety risk (Tussyadiah and
Park, 2018; Wong, 2016) and may thus be more hesitant when
purchasing such a product for children, of whom they are protec-
tive (Winston, 2011), also because children have a low ability to
protect themselves as consumers (Frank, 2012).

6.3. Implications for managers and public policy makers

While managers tend to think of AI functions in products as
beneficial for saving a consumer’s time by automating manual
processes (Wong, 2016), this study shows that AI can also lead to
very different, environmental benefits, which appear to trigger
strong purchase intentions in consumers. These AI-enabled,
autonomous environmental benefits are more influential than
conventional, static environmental benefits. Moreover, they do not
suffer from the limited response to static environmental benefits by
consumers with a preference for simpler thoughts (Yang, 2018) and
by consumers residing in polluted areas. Hence, marketers can use
them for targeting a broader set of consumers. In addition, the
combination of both static and autonomous environmental benefits
can help appeal to both female consumers, who are more sensitive
to autonomous environmental benefits, and male consumers, who
aremore sensitive to static environmental benefits. However, while
static environmental benefits tend to be effective in products for
children (e.g., organic baby food), autonomous environmental
benefits may scare parents away and may thus be less effective
when targeting parents purchasing products for children.

Public policy makers and social activists frequently discuss the
perils of AI in controlling people, eliminating people’s jobs, and
engaging in emotionless actions that hurt people (Crist, 2019; Kak,
2018). Contrary to such negative stereotypes, this study shows that
AI may boost the environmental sustainability of products in a way
that increases consumers’ purchase intentions and, consequently,
also firms’ prospective sales. This would contribute to public policy
goals by increasing firms’ motivations to protect the environment
and by leading to new employment opportunities at firms offering
AI-enhanced products (Reese, 2019). Moreover, the spread of AI-
enhanced products with autonomous environmental benefits
would help increase the manpower required to address environ-
mental problems.

6.4. Limitations and directions for future research

A limitation of this study is its focus on a topic of the future,
which has lower certainty than a description of present consumer
behavior and can only measure intentions, as opposed to actual
behavior in the future. Consumers’ perceptions and preferences
may evolve over time as AI becomes more powerful, reliable, and
normal to consumers. Moreover, this study examines only four
product types. However, it intends to spark a discussion and
encourage follow-up research about hitherto overlooked opportu-
nities that may arise from AI to improve both the environment and
other valuable aspects of a consumer’s life. Such opportunities can
increase the product sales of firms. Aside from this main topic, this
study touches upon two hitherto unaddressed research questions
worthy of future scholarly inquiry. First, the literature does not
address the relationship between environmental problems in the
consumer’s location and the consumer’s demand for environmen-
tally friendly products as a possible solution to these environmental
9

problems. Despite the seemingly apparent connection between
environmental problems and solutions, this relationship may be
complicated as detailed in the development of H4 and found in the
counterintuitive results of this study. Future research could disen-
tangle the sensitivity and value mechanisms underlying this rela-
tionship in non-AI settings. Second, scholars may examine more
broadly in non-AI settings how the consumer’s attention to envi-
ronmental sustainability differs between purchases of gifts for
others and purchases for consumers themselves.

6.5. Conclusion

The integration of AI into products represents an opportunity to
boost the environmental sustainability of these products and,
thereby, to increase consumers’ purchasing intentions and appeal
to new consumer segments less attracted by conventional envi-
ronmental sustainability. Hence, AI-enabled environmental sus-
tainability can help firms to build new competitive advantage and
more effectively market their offerings to consumers. At the same
time, this effectiveness varies by the type of consumers and prod-
ucts. Compared with conventional environmental sustainability,
AI-based environmental sustainability offers a path to appeal more
to female consumers, whichmay enable firms to use environmental
sustainability to more broadly engage consumers across social
boundaries and secure additional sales while benefitting the
environment. At the same time, consumers do not appear to
welcome AI-based environmental sustainability when buying
products for children, which constitutes a boundary condition in its
use for marketing purposes.
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